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ABSTRACT 
Data on the spatial distribution of temperate pasture quality are needed to assist management 
decisions, and improve economic and environmental sustainability of grazing enterprises. 
Such data is also required to improve validation of biogeochemical (ecosystem) and carbon 
flux models. 
This thesis describes the research undertaken for the degree of Doctor of Philosophy to 
evaluate the extent to which temperate pasture quality attributes can be predicted by 
reflectance measurements from hyperspectral sensors. The hypothesis that spectrometer data 
can be used to establish usable relationships for prediction of pasture quality attributes was 
tested in several ways, and the results and conclusions reported. 
The research data included hyperspectral measurements of various temperate pasture types 
recorded on four different occasions (years 2000 to 2002) and corresponding ground-based 
assay data of pasture quality attributes sampled at three study sites in rural Victoria, Australia. 
This context was used to evaluate effects of sensor differences, data processing, analytical 
methods and sample variability on the predictive capacity of derived prediction models. Data 
from three different hyperspectral sensors were used, a field spectrometer (ASD Fieldspec® 
PRO FR), the airborne HyMap and  satellite-borne Hyperion sensors. The main quality 
attribute assays derived from the pasture samples were total chlorophyll, water mass, crude 
protein, digestibility, lignin and cellulose. 
Although hyperspectral data analysis is being applied in many areas very few studies on 
temperate pastures have been conducted and hardly any encompass the variability and 
heterogeneity of these southern Australian examples. 
The research into the relationship between the spectrometer data and pasture quality attribute 
assays was designed based on evaluation of published hyperspectral remote sensing and 
near-infrared spectroscopy research, bio-chemical and physical properties of pastures, and 
practical issues relevant to the grazing industries and carbon cycling/modelling. Processing 
and enhancement of the spectral data followed methods used by other hyperspectral 
researchers with modifications deemed essential to improve relationships with pasture assay 
data. 
As many techniques are in use for the analysis of hyperspectral data several alternative 
approaches were investigated to evaluate reliability, robustness and suitability for retrieval of 
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temperate pasture quality attributes. To enhance spectral  sensitivity to the assay data the 
mathematical transforms (for example derivatisation and continuum removal) and smoothing 
with Savitsky-Golay filters of various sizes were applied. The spectra were also subset to six 
established absorption features to assess the effect of limiting the data to known sensitive 
spectral regions. Analyses of the relationship between spectral data and pasture assays 
included stepwise multiple linear regression (SMLR) and partial least squares regression 
(PLSR). The results from SMLR were constrained to the coefficients of determination R2 
from 5 regressor terms and the wavelengths selected as SMLR is deemed sensitive to sample 
size. From PLSR, the root mean square error of prediction (RMSEP) based on ‘leave-one-
out’ crossvalidation, correlation and X-loadings for the wavelengths of the prediction models 
were used to assess and compare results. In addition, a coefficient of variation (CV) derived 
from the ratio of the RMSEP and the interquantile range (IQ) of the assay data was used to 
compare results between different sample subsets and attributes. The CV values were also 
used to assess robustness of models. 
The research showed that the spectral research data had a higher potential to be used for 
prediction of crude protein and digestibility than for the plant fibres lignin and cellulose. 
Spectral transformation such as continuum removal and derivatives enhanced the results. By 
using a modified approach based on sample subsets identified by a matrix of subjective bio-
physical and ancillary data parameters, the performance of the models was improved.  
Prediction models from PLSR developed on ASD in situ spectral data, HyMap airborne 
imagery and Hyperion and corresponding pasture assays showed potential for predicting the 
two important pasture quality attributes crude protein and digestibility in hyperspectral 
imagery at a few quantised levels corresponding to levels currently used in commercial feed 
testing.  
It was concluded that imaging spectrometry has potential to offer synoptic, simultaneous and 
spatially continuous information valuable to feed based enterprises in temperate Victoria. 
The thesis provides a significant contribution to the field of hyperspectral remote sensing and 
good guidance for future hyperspectral researchers embarking on similar tasks. As the 
research is based on temperate pastures in Victoria, Australia, which are dominated by 
northern hemisphere species, the findings should be applicable to analysis of temperate 
pastures elsewhere, for example in Western Australia, New Zealand, South Africa, North 
America, Europe and northern Asia (China). 
 
  3 
CHAPTER 1  
INTRODUCTION 
1.1 General Background to the Thesis 
The Australian grazing industry is operating in increasingly competitive conditions, where 
economic and environmental issues are putting growing pressure on their business ventures to 
work in a sustainable way. In response, landholders require detailed information about feed 
quantity and, more recently, feed quality and its spatial distribution. Traditionally, this type of 
information has been expensive and labour intensive to procure. Quality information is 
currently obtained by sending hand-picked samples of the pastures for laboratory analysis. 
These sparse point samples provide limited information about the spatial distribution of 
forage quality. 
The changes required in the pastoral industries need to be underpinned by innovation 
(Hodgkinson 2001). Research into different methods to derive needed data on pasture quality 
could provide novel approaches. The quest for quality information represents an application 
area where a new generation of remote sensing scanners can potentially provide fast and 
accurate estimates with a synoptic view of the spatial distribution across pastures. 
Throughout Australia and globally temperate pastures are an important land cover component 
of global ecosystems. Understanding the spatial variability of carbon and nitrogen would 
benefit models of carbon cycling. Hyperspectral imaging (also called imaging spectrometry) 
is an earth surface analysis technique astutely described by Goetz (1996) as ‘Remote 
analytical chemistry in an uncontrolled environment’. The advantage of hyperspectral 
imaging is the near continuous capture and representation of the electromagnetic spectrum 
which facilitates in depth analysis of absorption features created by biochemical and 
biophysical properties of vegetation together with the synoptic view. 
To bring successful and established methods relating to spectral analysis of biochemical 
content of materials from controlled laboratory conditions to the field is a challenge, requires 
understanding of the uncontrolled field environment and continued research into how it 
affects the signals received by remote sensing systems.  
Research into the possibility of using remote sensing data to estimate pasture quantity or 
biomass has been forthcoming in the last decade (Di Bella et al. 2004a; Dorigo 2003; 
Edirisinghe et al. 2000; Edirisinghe et al. 2004). The driving force behind this research has 
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been the need for reliable input vegetation parameters at different stages during the growing 
season, which will improve prediction and refine growth models.  
Estimates of the biochemical content of vegetation using remote sensing data are emerging 
because of the availability of new generation sensors with many bands capable of capturing 
absorption features corresponding to chlorophylls, proteins, lignin and cellulose. Research in 
this field is developing; using methods applied in chemometrics and spectroscopy as well as 
the use of enhanced leaf and canopy radiative transfer models. The origin of this research is 
primarily the need to procure data for forest production assessments and crop yields, and 
related stress and disease detection and monitoring. 
However, hyperspectral imaging is now emerging as a field of science in its own right and it 
has the potential to provide additional tools for improved management and support of 
sustainable agriculture, including crop and pasture classification, map quality parameters, 
yield predictions and stress response monitoring (Haboudane et al. 2004).  
To date, hyperspectral data from airborne systems such as Airborne Visible/Infrared Imaging 
Spectrometer (AVIRIS), Compact Airborne Spectrographic Imager (CASI) and HyMap have 
dominated the research and applications. However, the success of trials using data from the 
NASA EO1 satellite carrying the experimental hyperspectral scanner Hyperion, has 
encouraged the remote sensing community together with ecologists, the mineral extraction 
industry and many others. Researchers have determined that hyperspectral data derived from 
satellite-borne systems are very useful for the future requirements of ecosystem studies. A 
European system relying on experiences from airborne and satellite hyperspectral data is the 
German hyperspectral sensor called EnMAP (Environmental Monitoring and Analysis 
Program), which is scheduled for launch in 2009 (Kaufmann et al. 2005). The 
recommendation to include a hyperspectral satellite (HyspIRI) in the US Decadal Survey 
Mission (2013–2016) confirms the view that hyperspectral spectrometer data are essential to 
increase the understanding of natural and human induced changes to earth ecosystems while 
complementing data from other earth observation platforms (National Research Council 
2007). 
Much research has been undertaken into the biochemical and physical properties of dried and 
ground pastures in order to determine feed quality. However, there has been limited research 
conducted to extend the methods and results to living pasture canopies at farm or regional 
scales. The demand for expanded studies of canopy level biophysical and biochemical 
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processes using remote sensing has been highlighted by several researchers in recent years 
(Curran 1989; Kokaly 2001). 
The research described in this thesis builds on existing research and investigates how aspects 
of established methods can be used to derive desired information about temperate pastures. 
Specifically, when dealing with spectral signals remotely captured in situations where there is 
limited ancillary information, reducing the modelling capacity in/for the captured 
environment. It explores the relationship between grass canopy spectra and attributes of 
interest to the feed base and carbon cycling industries using methods formed from the results 
of long-term research. It also contains aspects of short-term experimentation, since it uses real 
world canopies present on operational farms and recently developed scanners whose 
capacities are mainly untried for this specific application.  
The need to ‘scale up’ from the laboratory environment to plant, canopy, paddock/field, 
whole farm and regional scales has been confirmed by Ollinger et al. (2002) among others. 
Continued rigorous research is not only essential for grazing enterprises but also likely to 
benefit regional assessments of carbon and nitrogen cycling. Hence, an attempt at comparing 
in situ and aerial/satellite spectral data including exploration of relationships is performed. 
1.2 Research Aim and Scope 
The aim of this research is to assess the extent to which temperate pasture quality attributes 
may be predicted from spectral reflectance measurements from in situ, airborne and satellite-
borne hyperspectral sensors. The research results provide important knowledge required for 
mapping of the spatial distribution of different levels of quality attributes relating to 
constituents that control feed quality and soil carbon in temperate pastures. 
Given the three spectrometer data sources and the diversity of pastures available for the 
research two tasks were formulated to support the research aim: 
1. Investigate the influence of spectrometer data capture method and scales on the 
capacity to resolve temperate pasture quality attributes from temperate pasture 
canopies including differences between attributes. 
2. Compare analytical methods and approaches including spectral enhancements, data 
reduction methods and sample subsetting to evaluate effects on the capacity of 
spectrally derived prediction models to resolve variations in pasture quality levels. 
The study scope involved developing and using empirical models to describe the relationship 
between hyperspectral data and temperate pasture assay data. This concept requires that 
measurements of independent and predicted variables are made in ways that reduce sources of 
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error and improve comparability. The samples need to cover as wide a diversity of temperate 
pastures as possible to ensure general applicability of derived models. 
The research therefore consisted of an investigation of hyperspectral data recorded of 
different types of temperate pasture canopies in Victoria at four dates between 2000–2002. 
The study sites were located at Hamilton and Vasey in the South-west and Ellinbank in 
Central Gippsland. The spectral research data were made up of in situ spectra captured with 
an ASD Fieldspec® PRO FR spectroradiometer and hyperspectral imagery recorded by the 
imaging spectrometers HyMap (airborne) and Hyperion (satellite). Corresponding sampling 
schemes were conducted resulting in quality attribute assays of total chlorophyll, water, crude 
protein, digestibility, lignin and cellulose.  
The flow diagram in Figure 1 outlines the timing of the different data capture events and the 
type of data that were captured. It shows the imagery and field spectra capture events in 
chronological order and corresponding pasture plant sampling and quality assays.  
 
Figure 1 Schematic overview of data capture events, the spectral data (in situ and imagery) and the pasture 
sample data (pasture quality assays).  
Both in situ spectra (blue squares) and hyperspectral images (red circles) were captured in 
December 2000 and January 2002. In addition HyMap image data were captured in March 
2001 and ASD spectra in October 2002. Quality assays – yellow-green circles represent the 
sampling of plant material to correspond with the in situ field spectra and green circles 
represent the sampling of plant material along transects/areas in the paddocks to correspond 
with the hyperspectral imagery. 
The data capture campaigns can be divided into three events; the HyMap campaigns, the 
Hyperion campaign and one isolated in situ ASD campaign and can be described as follows: 
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• HyMap campaigns — On December 5, 2000, HyMap images were recorded 
over Hamilton, Vasey and Ellinbank study sites. In situ spectra (ASD 1) were 
captured at each site. Paddock pasture samples corresponding to the imagery, 
and pasture canopy samples corresponding to the field spectra, were collected.  
—HyMap was also flown on March 16, 2001 when only pasture samples on a 
paddock transect basis could be collected.  
Biochemical analysis was performed on most samples. 
• Hyperion campaign — On January 19 2002 a Hyperion image was captured 
over the PVI farm. In situ canopy spectra (ASD 2) were captured and 
corresponding pasture samples were collected. Paddock pasture samples were 
also collected along transects. Biochemical analysis was performed on most 
samples. 
• In situ spectra campaign (ASD 3) — In situ canopy spectra of pastures at the 
PVI farm were captured and corresponding pasture canopy samples were 
collected on October 31, 2002. Biochemical analysis was performed on most 
samples. 
The research presented in this thesis was both enabled and constrained by the opportunity to 
piggy back onto an existing HyMap airborne mission at a greatly reduced cost. The need to 
opportunistically make use of the access to HyMap (and Hyperion) data placed certain 
constraints on the data sets available for the research although the spread in time and place 
ensured that a wide range of pasture conditions and types was captured.  
One of the reasons for choosing to investigate the useability of methods commonly used in 
laboratory spectroscopy was that development of calibration equations for feed quality 
prediction are deliberately based on data sets containing as large a variation as is likely to be 
encountered. In addition, as pointed out by Milton (1987), field spectroscopy can be used as a 
tool for development of models relating object attributes to remotely-sensed data and image 
data can supply synoptic views useful for development of maps of the spatial distribution of 
different quality levels. 
Currently feed quality assessments of pastures based on spectroscopy analysis are provided to 
farmers at levels of high, medium and low quality with qualifications regarding the suitability 
of the pasture for different types of animals. The provided measures are based on point 
samples that are not commonly used to interpolate results to spatial coverage.  
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Establishment of relationships between hyperspectral imagery and pasture quality parameters 
of interest can enable methods for spatially based pasture quality prediction for farmers to be 
developed, which in turn can lead to improved precision management of landholdings in the 
diverse pastures of a large region and potentially better data on carbon and nitrogen for input 
into geo-chemical cycling models. 
The natural conditions varied greatly within and between the study sites used for this research. 
The main factors influencing the retrieval of spectral signals that are sensitive to the pasture 
quality attributes of interest are varying canopy structure, water content, and atmospheric 
conditions. These can be difficult to compensate for and estimates based on spectral data from 
very diverse pasture may therefore contain error margins only allowing a few discernable 
levels of pasture quality. However, the spatial variation of quantised pasture quality levels 
would provide an important improvement relative to currently available point measurements.  
The spectral data were captured under real environmental conditions of standing, lying, 
swaying canopies of pastures of different types and species at various stages of maturity and 
biomass content. This is the situation that any prediction models developed need to work in to 
produce applications to support management interventions in a timely manner for the grazing 
industry in Victoria and to provide input needed for validation of biogeochemical (ecosystem) 
and carbon flux models. Many of the species in Victorian temperate pastures have their origin 
in the Northern Hemisphere. Therefore the findings are highly likely to be applicable both to 
other regions of similar temperate pastures in Australia, for example southern Western 
Australia and South Australia, as well as elsewhere in the world. New Zealand, North 
America, South Africa, Europe and northern Asia all face similar economic and 
environmental demands on the management of grazing lands and additional data for 
biochemical cyling models are needed (Gao, J 2006; Nan 2000; Schuman et al. 1999; 
Vazquez-de-Aldana et al. 2000; WRI 2000; Wylie et al. 2007; Yamano et al. 2003). 
1.3 Thesis Overview: Outline of Thesis Structure and Chapters 
This thesis consists of a series of investigations linked by the underlying questions about the 
relationship between key pasture attributes (water, chlorophyll, crude protein, digestibility, 
lignin and cellulose) and hyperspectral data (in situ ASD spectra, HyMap and Hyperion image 
spectra), and the potential of describing these relationships using a combination of empirical 
spectroscopic techniques. This includes reviews that attempt to summarise and integrate 
theories and practices employed to date, development of an original approach through 
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investigative analysis, and explanation of methods and analyses results applicable to the 
relationship between pastures and hyperspectral pasture imaging. 
Several spectroscopic methods that have shown good potential were tested including the 
effects on results from these analyses of various mathematical treatments. To assess other 
possible improvements to relationship models the pasture diversity (species and canopy 
characteristics) were incorporated in modifications to the approach and further effects 
assessed. The portability of ground based spectra models to airborne and satellite 
hyperspectral data was investigated to provide insight into effects of different radiometric, 
spectral and spatial resolutions. 
The thesis is organised according to the general flow of the research undertaken. Figure 2 
provides an overview of the thesis including the relationship between chapters. 
 
Figure 2 Flow diagram of thesis chapters and relationship to main contents. 
Every chapter contains an introduction and overview of the contents and at the end a summary 
and discussion of findings, or conclusions as appropriate. 
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To set the scene and motivation for the research, Chapter 2 provides information about 
farmers’ needs and the pasture attributes that constitute feed quality, especially the ones that 
have the potential to be resolved in the spectral data available for this study. It also discusses 
the role of carbon and nitrogen in pastures, and the need for data input into nutrient cycling 
models and global/regional nutrient budget estimates. It outlines current research and issues 
relating to spectrometry/hyperspectral remote sensing – and provides background to the 
ability of spectral analysis to retrieve data on vegetation properties with emphasis on pasture 
quality parameters. 
Subsequently, Chapter 3 explains the specifics relating to the collection and collation of 
pasture plant samples used for this research, together with a limited analysis of the results of 
field assays and statistical comparisons pertinent to the research. 
Chapter 4 provides details of the capture, collation and preliminary analysis of the in situ 
pasture canopy spectra. There is also a discussion of methods for enhancing and decomposing 
the spectral research data and some preliminary results. 
Chapter 5 explains the capture and processing of hyperspectral images including extraction 
and processing of image spectra for analysis with quality attribute assays from corresponding 
pasture canopy samples. 
Chapter 6 explores the relationship between the in situ pasture canopy spectra and the 
pasture attributes under investigation. This chapter also explains and tests two statistical 
methods commonly used in spectroscopy: stepwise multiple linear regression (SMLR) and 
partial least squares regression (PLSR). Based on preliminary results from Chapter 3 and 
Chapter 4, modified approaches using sample subsetting were adopted and results are 
compared and discussed. In addition, results from resampling the in situ pasture canopy 
spectra to HyMap and Hyperion band passes are presented and discussed. 
Chapter 7 describes the analysis of the relationship between image spectra for analysis and 
quality attribute assays from the corresponding pasture canopy samples and results. The 
analysis method was based on experience and results from Chapter 6. Results from using 
calibration equations/ models derived from in situ ASD spectra resampled to image band 
passes for prediction of quality attribute levels in image spectra are also presented. A 
comparison of the characteristics of the relationships between spectral data and pasture assays 
at different spectra capture levels are included and the implications discussed. 
Chapter 8 discusses the implications of the research results and supports the conclusions 
drawn. 
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The computer platforms used for image and correlation analysis included a dedicated PC 
laptop running Windows 2000/XP, and PC desktop computers at the CSIRO’s Division of 
Land and Water (Remote Sensing Group), Canberra. ENVI/IDL image analysis software (RSI 
Inc.) was used for spectral transformations and image analysis. For data collation, 
manipulation and analysis, different software packages such as Microsoft Excel, including the 
Excel module XLSTATS (Carr 2000), the statistical software package JMP® were used. In 
this study, stepwise multiple regression (SMLR) was conducted using JMP and partial least 
squares regression (PLSR) using Unscrambler®, version 9.1.03.  
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CHAPTER 1  
INTRODUCTION 
1.1 General Background to the Thesis 
The Australian grazing industry is operating in increasingly competitive conditions, where 
economic and environmental issues are putting growing pressure on their business ventures to 
work in a sustainable way. In response, landholders require detailed information about feed 
quantity and, more recently, feed quality and its spatial distribution. Traditionally, this type of 
information has been expensive and labour intensive to procure. Quality information is 
currently obtained by sending hand-picked samples of the pastures for laboratory analysis. 
These sparse point samples provide limited information about the spatial distribution of 
forage quality. 
The changes required in the pastoral industries need to be underpinned by innovation 
(Hodgkinson 2001). Research into different methods to derive needed data on pasture quality 
could provide novel approaches. The quest for quality information represents an application 
area where a new generation of remote sensing scanners can potentially provide fast and 
accurate estimates with a synoptic view of the spatial distribution across pastures. 
Throughout Australia and globally temperate pastures are an important land cover component 
of global ecosystems. Understanding the spatial variability of carbon and nitrogen would 
benefit models of carbon cycling. Hyperspectral imaging (also called imaging spectrometry) 
is an earth surface analysis technique astutely described by Goetz (1996) as ‘Remote 
analytical chemistry in an uncontrolled environment’. The advantage of hyperspectral 
imaging is the near continuous capture and representation of the electromagnetic spectrum 
which facilitates in depth analysis of absorption features created by biochemical and 
biophysical properties of vegetation together with the synoptic view. 
To bring successful and established methods relating to spectral analysis of biochemical 
content of materials from controlled laboratory conditions to the field is a challenge, requires 
understanding of the uncontrolled field environment and continued research into how it 
affects the signals received by remote sensing systems.  
Research into the possibility of using remote sensing data to estimate pasture quantity or 
biomass has been forthcoming in the last decade (Di Bella et al. 2004a; Dorigo 2003; 
Edirisinghe et al. 2000; Edirisinghe et al. 2004). The driving force behind this research has 
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been the need for reliable input vegetation parameters at different stages during the growing 
season, which will improve prediction and refine growth models.  
Estimates of the biochemical content of vegetation using remote sensing data are emerging 
because of the availability of new generation sensors with many bands capable of capturing 
absorption features corresponding to chlorophylls, proteins, lignin and cellulose. Research in 
this field is developing; using methods applied in chemometrics and spectroscopy as well as 
the use of enhanced leaf and canopy radiative transfer models. The origin of this research is 
primarily the need to procure data for forest production assessments and crop yields, and 
related stress and disease detection and monitoring. 
However, hyperspectral imaging is now emerging as a field of science in its own right and it 
has the potential to provide additional tools for improved management and support of 
sustainable agriculture, including crop and pasture classification, map quality parameters, 
yield predictions and stress response monitoring (Haboudane et al. 2004).  
To date, hyperspectral data from airborne systems such as Airborne Visible/Infrared Imaging 
Spectrometer (AVIRIS), Compact Airborne Spectrographic Imager (CASI) and HyMap have 
dominated the research and applications. However, the success of trials using data from the 
NASA EO1 satellite carrying the experimental hyperspectral scanner Hyperion, has 
encouraged the remote sensing community together with ecologists, the mineral extraction 
industry and many others. Researchers have determined that hyperspectral data derived from 
satellite-borne systems are very useful for the future requirements of ecosystem studies. A 
European system relying on experiences from airborne and satellite hyperspectral data is the 
German hyperspectral sensor called EnMAP (Environmental Monitoring and Analysis 
Program), which is scheduled for launch in 2009 (Kaufmann et al. 2005). The 
recommendation to include a hyperspectral satellite (HyspIRI) in the US Decadal Survey 
Mission (2013–2016) confirms the view that hyperspectral spectrometer data are essential to 
increase the understanding of natural and human induced changes to earth ecosystems while 
complementing data from other earth observation platforms (National Research Council 
2007). 
Much research has been undertaken into the biochemical and physical properties of dried and 
ground pastures in order to determine feed quality. However, there has been limited research 
conducted to extend the methods and results to living pasture canopies at farm or regional 
scales. The demand for expanded studies of canopy level biophysical and biochemical 
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processes using remote sensing has been highlighted by several researchers in recent years 
(Curran 1989; Kokaly 2001). 
The research described in this thesis builds on existing research and investigates how aspects 
of established methods can be used to derive desired information about temperate pastures. 
Specifically, when dealing with spectral signals remotely captured in situations where there is 
limited ancillary information, reducing the modelling capacity in/for the captured 
environment. It explores the relationship between grass canopy spectra and attributes of 
interest to the feed base and carbon cycling industries using methods formed from the results 
of long-term research. It also contains aspects of short-term experimentation, since it uses real 
world canopies present on operational farms and recently developed scanners whose 
capacities are mainly untried for this specific application.  
The need to ‘scale up’ from the laboratory environment to plant, canopy, paddock/field, 
whole farm and regional scales has been confirmed by Ollinger et al. (2002) among others. 
Continued rigorous research is not only essential for grazing enterprises but also likely to 
benefit regional assessments of carbon and nitrogen cycling. Hence, an attempt at comparing 
in situ and aerial/satellite spectral data including exploration of relationships is performed. 
1.2 Research Aim and Scope 
The aim of this research is to assess the extent to which temperate pasture quality attributes 
may be predicted from spectral reflectance measurements from in situ, airborne and satellite-
borne hyperspectral sensors. The research results provide important knowledge required for 
mapping of the spatial distribution of different levels of quality attributes relating to 
constituents that control feed quality and soil carbon in temperate pastures. 
Given the three spectrometer data sources and the diversity of pastures available for the 
research two tasks were formulated to support the research aim: 
1. Investigate the influence of spectrometer data capture method and scales on the 
capacity to resolve temperate pasture quality attributes from temperate pasture 
canopies including differences between attributes. 
2. Compare analytical methods and approaches including spectral enhancements, data 
reduction methods and sample subsetting to evaluate effects on the capacity of 
spectrally derived prediction models to resolve variations in pasture quality levels. 
The study scope involved developing and using empirical models to describe the relationship 
between hyperspectral data and temperate pasture assay data. This concept requires that 
measurements of independent and predicted variables are made in ways that reduce sources of 
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error and improve comparability. The samples need to cover as wide a diversity of temperate 
pastures as possible to ensure general applicability of derived models. 
The research therefore consisted of an investigation of hyperspectral data recorded of 
different types of temperate pasture canopies in Victoria at four dates between 2000–2002. 
The study sites were located at Hamilton and Vasey in the South-west and Ellinbank in 
Central Gippsland. The spectral research data were made up of in situ spectra captured with 
an ASD Fieldspec® PRO FR spectroradiometer and hyperspectral imagery recorded by the 
imaging spectrometers HyMap (airborne) and Hyperion (satellite). Corresponding sampling 
schemes were conducted resulting in quality attribute assays of total chlorophyll, water, crude 
protein, digestibility, lignin and cellulose.  
The flow diagram in Figure 1 outlines the timing of the different data capture events and the 
type of data that were captured. It shows the imagery and field spectra capture events in 
chronological order and corresponding pasture plant sampling and quality assays.  
 
Figure 1 Schematic overview of data capture events, the spectral data (in situ and imagery) and the pasture 
sample data (pasture quality assays).  
Both in situ spectra (blue squares) and hyperspectral images (red circles) were captured in 
December 2000 and January 2002. In addition HyMap image data were captured in March 
2001 and ASD spectra in October 2002. Quality assays – yellow-green circles represent the 
sampling of plant material to correspond with the in situ field spectra and green circles 
represent the sampling of plant material along transects/areas in the paddocks to correspond 
with the hyperspectral imagery. 
The data capture campaigns can be divided into three events; the HyMap campaigns, the 
Hyperion campaign and one isolated in situ ASD campaign and can be described as follows: 
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• HyMap campaigns — On December 5, 2000, HyMap images were recorded 
over Hamilton, Vasey and Ellinbank study sites. In situ spectra (ASD 1) were 
captured at each site. Paddock pasture samples corresponding to the imagery, 
and pasture canopy samples corresponding to the field spectra, were collected.  
—HyMap was also flown on March 16, 2001 when only pasture samples on a 
paddock transect basis could be collected.  
Biochemical analysis was performed on most samples. 
• Hyperion campaign — On January 19 2002 a Hyperion image was captured 
over the PVI farm. In situ canopy spectra (ASD 2) were captured and 
corresponding pasture samples were collected. Paddock pasture samples were 
also collected along transects. Biochemical analysis was performed on most 
samples. 
• In situ spectra campaign (ASD 3) — In situ canopy spectra of pastures at the 
PVI farm were captured and corresponding pasture canopy samples were 
collected on October 31, 2002. Biochemical analysis was performed on most 
samples. 
The research presented in this thesis was both enabled and constrained by the opportunity to 
piggy back onto an existing HyMap airborne mission at a greatly reduced cost. The need to 
opportunistically make use of the access to HyMap (and Hyperion) data placed certain 
constraints on the data sets available for the research although the spread in time and place 
ensured that a wide range of pasture conditions and types was captured.  
One of the reasons for choosing to investigate the useability of methods commonly used in 
laboratory spectroscopy was that development of calibration equations for feed quality 
prediction are deliberately based on data sets containing as large a variation as is likely to be 
encountered. In addition, as pointed out by Milton (1987), field spectroscopy can be used as a 
tool for development of models relating object attributes to remotely-sensed data and image 
data can supply synoptic views useful for development of maps of the spatial distribution of 
different quality levels. 
Currently feed quality assessments of pastures based on spectroscopy analysis are provided to 
farmers at levels of high, medium and low quality with qualifications regarding the suitability 
of the pasture for different types of animals. The provided measures are based on point 
samples that are not commonly used to interpolate results to spatial coverage.  
  8 
Establishment of relationships between hyperspectral imagery and pasture quality parameters 
of interest can enable methods for spatially based pasture quality prediction for farmers to be 
developed, which in turn can lead to improved precision management of landholdings in the 
diverse pastures of a large region and potentially better data on carbon and nitrogen for input 
into geo-chemical cycling models. 
The natural conditions varied greatly within and between the study sites used for this research. 
The main factors influencing the retrieval of spectral signals that are sensitive to the pasture 
quality attributes of interest are varying canopy structure, water content, and atmospheric 
conditions. These can be difficult to compensate for and estimates based on spectral data from 
very diverse pasture may therefore contain error margins only allowing a few discernable 
levels of pasture quality. However, the spatial variation of quantised pasture quality levels 
would provide an important improvement relative to currently available point measurements.  
The spectral data were captured under real environmental conditions of standing, lying, 
swaying canopies of pastures of different types and species at various stages of maturity and 
biomass content. This is the situation that any prediction models developed need to work in to 
produce applications to support management interventions in a timely manner for the grazing 
industry in Victoria and to provide input needed for validation of biogeochemical (ecosystem) 
and carbon flux models. Many of the species in Victorian temperate pastures have their origin 
in the Northern Hemisphere. Therefore the findings are highly likely to be applicable both to 
other regions of similar temperate pastures in Australia, for example southern Western 
Australia and South Australia, as well as elsewhere in the world. New Zealand, North 
America, South Africa, Europe and northern Asia all face similar economic and 
environmental demands on the management of grazing lands and additional data for 
biochemical cyling models are needed (Gao, J 2006; Nan 2000; Schuman et al. 1999; 
Vazquez-de-Aldana et al. 2000; WRI 2000; Wylie et al. 2007; Yamano et al. 2003). 
1.3 Thesis Overview: Outline of Thesis Structure and Chapters 
This thesis consists of a series of investigations linked by the underlying questions about the 
relationship between key pasture attributes (water, chlorophyll, crude protein, digestibility, 
lignin and cellulose) and hyperspectral data (in situ ASD spectra, HyMap and Hyperion image 
spectra), and the potential of describing these relationships using a combination of empirical 
spectroscopic techniques. This includes reviews that attempt to summarise and integrate 
theories and practices employed to date, development of an original approach through 
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investigative analysis, and explanation of methods and analyses results applicable to the 
relationship between pastures and hyperspectral pasture imaging. 
Several spectroscopic methods that have shown good potential were tested including the 
effects on results from these analyses of various mathematical treatments. To assess other 
possible improvements to relationship models the pasture diversity (species and canopy 
characteristics) were incorporated in modifications to the approach and further effects 
assessed. The portability of ground based spectra models to airborne and satellite 
hyperspectral data was investigated to provide insight into effects of different radiometric, 
spectral and spatial resolutions. 
The thesis is organised according to the general flow of the research undertaken. Figure 2 
provides an overview of the thesis including the relationship between chapters. 
 
Figure 2 Flow diagram of thesis chapters and relationship to main contents. 
Every chapter contains an introduction and overview of the contents and at the end a summary 
and discussion of findings, or conclusions as appropriate. 
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To set the scene and motivation for the research, Chapter 2 provides information about 
farmers’ needs and the pasture attributes that constitute feed quality, especially the ones that 
have the potential to be resolved in the spectral data available for this study. It also discusses 
the role of carbon and nitrogen in pastures, and the need for data input into nutrient cycling 
models and global/regional nutrient budget estimates. It outlines current research and issues 
relating to spectrometry/hyperspectral remote sensing – and provides background to the 
ability of spectral analysis to retrieve data on vegetation properties with emphasis on pasture 
quality parameters. 
Subsequently, Chapter 3 explains the specifics relating to the collection and collation of 
pasture plant samples used for this research, together with a limited analysis of the results of 
field assays and statistical comparisons pertinent to the research. 
Chapter 4 provides details of the capture, collation and preliminary analysis of the in situ 
pasture canopy spectra. There is also a discussion of methods for enhancing and decomposing 
the spectral research data and some preliminary results. 
Chapter 5 explains the capture and processing of hyperspectral images including extraction 
and processing of image spectra for analysis with quality attribute assays from corresponding 
pasture canopy samples. 
Chapter 6 explores the relationship between the in situ pasture canopy spectra and the 
pasture attributes under investigation. This chapter also explains and tests two statistical 
methods commonly used in spectroscopy: stepwise multiple linear regression (SMLR) and 
partial least squares regression (PLSR). Based on preliminary results from Chapter 3 and 
Chapter 4, modified approaches using sample subsetting were adopted and results are 
compared and discussed. In addition, results from resampling the in situ pasture canopy 
spectra to HyMap and Hyperion band passes are presented and discussed. 
Chapter 7 describes the analysis of the relationship between image spectra for analysis and 
quality attribute assays from the corresponding pasture canopy samples and results. The 
analysis method was based on experience and results from Chapter 6. Results from using 
calibration equations/ models derived from in situ ASD spectra resampled to image band 
passes for prediction of quality attribute levels in image spectra are also presented. A 
comparison of the characteristics of the relationships between spectral data and pasture assays 
at different spectra capture levels are included and the implications discussed. 
Chapter 8 discusses the implications of the research results and supports the conclusions 
drawn. 
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The computer platforms used for image and correlation analysis included a dedicated PC 
laptop running Windows 2000/XP, and PC desktop computers at the CSIRO’s Division of 
Land and Water (Remote Sensing Group), Canberra. ENVI/IDL image analysis software (RSI 
Inc.) was used for spectral transformations and image analysis. For data collation, 
manipulation and analysis, different software packages such as Microsoft Excel, including the 
Excel module XLSTATS (Carr 2000), the statistical software package JMP® were used. In 
this study, stepwise multiple regression (SMLR) was conducted using JMP and partial least 
squares regression (PLSR) using Unscrambler®, version 9.1.03.  
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CHAPTER 2  
BACKGROUND: TEMPERATE PASTURE QUALITY AND 
SPECTROMETRY 
2.1 Introduction 
There is a need for farmers to know the spatial distribution of feed quality in their pastures so 
that, for economic and environmental sustainability reasons, they can attempt to streamline 
their management processes. While laboratory based spectral analysis is providing assessment 
of feed quality of dried and ground pasture samples from point locations no spatial 
information is readily available. Temperate pastures cover large tracts of land in Australia and 
subsequently the movement of carbon and nitrogen through these ecosystems are also of 
interest to modellers of regional and global fluxes for model validation purposes and 
greenhouse gas accounting. The advent of airborne and spaceborne spectrometers capable of 
detecting subtle variation in position and size of absorption features related to pasture quality 
constituents makes the research covered by this thesis particularly relevant. Research on 
pasture quality from perspectives such animal nutrition and husbandry, plant types and plant 
function are numerous, but to date very few studies cover the use of imaging spectrometers to 
derive data suitable for the important task of mapping and monitoring temperate pasture 
quality. 
This chapter aims to give context and justification for the research described in this thesis. It 
provides information about the challenges involved in the analysis of the relationships 
between pasture constituents related to feed quality and carbon content in pastures and the 
spectral data from spectroradiometers and imaging spectrometers.  
An overview of the chapter content is provided in Figure 13. It shows the relationships 
between the sections that support the research and evaluation of spectrometry to estimate 
temperate pasture quality attributes.  
Firstly, the chapter discusses the importance of temperate pastures, and summarises the 
grazing community’s and carbon modellers’ needs for data on pasture quality (2.2). The role 
of nitrogen and carbon in pastures, and other attributes related to pasture quality are then 
examined together with relevant pasture quality issues for livestock, such as links between 
biomass, intake and pasture quality (2.3). 
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Figure 3 Overview of CHAPTER 2 content and section relationships. 
Spectrometry and factors affecting signals recorded by spectrometers, including differences 
between sensor systems, are discussed with specific emphasis on the spectrometers used in 
the research, the HyMap, Hyperion and ASD and scaling issues related to capture at different 
resolutions (2.4). Relevant research using spectrometer data for vegetation assessment is 
reviewed (2.5) and methods emerging for the enhancement and analysis of relationships 
between plant bio-chemicals and spectral data are discussed with emphasis on absorption 
features related to pasture quality attributes. Results from studies using spectrometry 
specifically to capture pasture parameters are subsequently evaluated and discussed (2.6). 
Finally, the findings from the chapter sections are summarised to support the research 
approach using spectrometry of Australian temperate pastures to find methods to map the 
spatial distribution of pasture quality attributes (2.7). 
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2.2 Temperate pastures and mapping needs 
The need to map the spatial distribution of different levels of temperate pasture quality come 
mainly from two fields; the grazing industry and those involved in modelling global fluxes of 
carbon and nitrogen. In this section a context of temperate pastures in Victoria is provided 
together with an outline of the needs to map its quality. 
2.2.1 Temperate pastures 
Grasslands make up 40 percent of the Earth’s surface (WRI 2000) and 9.1 million km2 
(approximately six percent) can be classified as temperate (Wigley & Schimel 2000). 
Regardless of grazing intensity, ‘pastures’ are seen as the most important source of livestock 
feeding in the world (Di Bella et al. 2004a).  
Land used for grazing in Australia is categorised in slightly different ways but mainly by 
grassland type. Moore (1970, cited by Groves 1979, p. 76) refers to four main grassland types 
and these make up approximately one third of the Australian land mass. The division is 
mainly based on rainfall and dominant species. Arid tussock grassland in areas with rainfall 
200–500 mm average dominated by Mitchell grass or Astrebla, Arid hummock grassland in 
areas with rainfall <200 mm average dominated by Tridodia and Plectrachne, Coastal 
grasslands with tropical summer rainfall dominated by Sporobolus and Xerochloa, and Sub-
humid grasslands. The latter includes tropical grasslands, sub-alpine grasslands and 
specifically temperate grasslands in the zone with average rainfall between 500 and 1000 mm, 
which is dominated Themeda, Poa and Stipa. 10 groups were originally described by Moore 
(1970 and 1993, cited by McIvor 2005, p. 344) and include a further subdivision based on 
height; tall-grass, mid-grass and short-grass.  
Sometimes the agricultural grasslands occurring in parts of the south west of Western 
Australia, southern South Australia, Victoria, NSW and southern Queensland are categorised 
as a group of their own (Hodgkinson 2001). Many of these tropical and temperate pastures 
have been cultivated and sown with introduced species. Botanical changes of native 
grasslands have also occurred due to varying environmental conditions, fertiliser application 
and grazing management. The result is a wide variety of pastures with different proportions of 
native and exotic species, perennial and annual grasses, legumes and weed species (Garden & 
Bolger 2001). 
The most extensive land use in Australia is ‘livestock grazing’ covering 430 million hectares 
or 56% of the total land area (Stewart et al. 2001). To provide a spatial context for temperate 
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pastures Figure 14 shows a map of the two major grazing land use categories ‘Grazing 
modified pastures’ and ‘Grazing natural vegetation’. The former is based on the Australian 
Bureau of Statistics (ABS) category ‘Sown pastures and grassland’. In the year 2000 this ABS 
category covered 23.8 million hectares in Australia (approximately three percent of the land 
area) of which 4.7 million hectares were in Victoria (Australian Bureau of Statistics 2001). 
Data on sown pastures are considered inconsistent from year to year by an investigation into 
recent changes in agricultural land use in Australia (Walcott et al. 2001). 
 
Figure 4 Land Use map showing ‘grazing modified pastures’ and ‘grazing natural vegetation’ in green and 
yellow respectively. Modified from the 2000-2001 BRS Land Use Data, derived from Australian 
Bureau of Statistics (ABS) agricultural commodity data and satellite imagery (Bureau of Rural 
Sciences 2006). 
Temperate pastures belong to the land use class ‘livestock grazing modified pastures’ 
(Stewart et al. 2001). They occur by definition in the temperate High Rainfall Zone of 
Australia (HRZ), usually delineated by land receiving >600 mm/year annual rainfall but areas 
of rainfall down to 500 mm/year are sometimes included. However, despite overlapping 
categories and definitions it can be concluded that large tracts of land in Australia are covered 
by temperate pastures utilised for livestock grazing (sheep, beef and dairy cattle).  
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2.2.2 Needs of the grazing industry 
The grazing industry is facing an increasing demand for its management to be economically, 
socially and environmentally sustainable (Quigley 2006). Economic and ecological 
sustainability are intrinsically linked. Economic imperatives are often of prime importance 
from a producers’ perspective but awareness is growing in the community that there really are 
two equally important constraints or stressors driving agricultural change. As Seielstad et al. 
(2002) puts it “…, a healthy economy is not possible in a deteriorating environment, nor is a 
healthy environment possible in a deteriorating economy.” 
Current management practices need to become more effective to bring about higher gross and 
net margins if farm businesses are to remain viable against a continuing trend of declining 
terms of trade (Chapman et al. 2003). This is especially pertinent to the wool industry which 
has experienced a long slow decline since the 1970’s (Barr 2005). During the same period the 
awareness of environmental impacts from farming has grown. Community concerns regarding 
landscape and soil degradation, water table changes including salinity, and lowering of the 
water quality of rivers and streams from fertilizers have been raised. Many farmers assess 
their pastures and hay periodically by laboratory testing of point samples. Feed test results 
provide estimates of quality as a basis for hay prices and feed suitability recommendations but 
methods for reliable spatial estimates that could help support management decisions and 
reduce unnecessary fertiliser applications are lacking. 
The social landscape of Victoria has changed substantially in the last 20 years. The structure 
of rural communities has changed because of declining productivity in the wool industry, 
migration to the cities and ageing population structures, producing in turn a withdrawal of 
services and facilities (Barr 2005). The temperate pastures growing at the study sites in this 
research are all located in this transitional rural landscape.  
The farmers remaining on the land may attempt to increase productivity to stay viable. 
Management of livestock production requires understanding of pasture quantity, quality and 
growth rates and these can be used to determine key concerns such as when to lamb or calve, 
supplementary feed requirements, feed budgets and cost:benefit ratios for renovation of 
pastures (Quigley 2006). 
The use of decision support tools (DST) for the optimisation of animal production is 
increasing, although no detailed numbers can be provided because extension programs such as 
PROGRAZE reach many farmers through consultants and farmer groups (McCook 2007). 
Examples of tools used are APSIM (Agricultural Production Systems Simulator) 
  17 
(http://www.apsim.info/apsim) and the GrazPlan suite of tools developed by CSIRO Plant 
Industry (http://www.csiro.au/science/psmh.html). These tools do not directly produce 
information in a ready spatial format linked to the farm paddocks. However, there is a 
growing use of spatial data as part of some farm enterprises. Farm GIS systems, and reports of 
applications that use biomass estimates from broad band satellite data, for example ‘Pastures 
from Space’ (Gherardi & Oldham 2003; Mata et al. 2004) and ‘CropView’ (Sobels & Pert 
2003), have highlighted the need for spatial data, and their continued use is likely to increase 
the demand for enhanced spatial input data into models of animal production systems. 
Importantly, information about the spatial distribution of pasture quality is needed for 
enhanced precision farming (Edirisinghe et al. 2004). 
2.2.3 Needs for modelling of global fluxes of carbon and nitrogen 
Further to the grazing industry needs for spatial pasture quality information, the increasing 
threat of global warming in the last decade has escalated the need for detailed data to model 
how carbon (C) is cycled through the Earths’ ecosystems (Global Carbon Project 2003; 
SCOPE (Scientific Committee on Problems of the Environment) 2004). In addition to climate 
data and net primary production (NPP) estimates, detailed data on carbon in soils and 
vegetation are needed for validation of biogeochemical (ecosystem) models, for example 
Century (Schimel et al. 1994), and TerraFlux (Asner et al. 2001). A combination of flux 
tower in situ data such as FLUXNET and spatial data are needed to model carbon fluxes 
(Wylie et al. 2007). Specifically the spatial variation in the landscape and seasonal and 
interannual fluctuations at a regional level need to be documented to facilitate a global view 
and develop environmental policies (Schaepman 2005; Schimel 1995). The comparative 
contribution of grasslands and pastures to the total carbon budget is being debated but the 
study of Burke et al. (1997, cited in Wylie et al. 2007, p. 1) stated that temperate grasslands 
contain 18% of the global carbon reserves.  
Carbon is cycled through grasslands and pasture systems in different forms. It enters the 
system mainly as carbon dioxide via photosynthesis and is transformed to organic compounds 
by plants. Much of the soluble carbon in a managed pasture system is eaten by the grazing 
animals and is converted by their digestive system and removed. Persistent plant carbon 
fractions such as cellulose and lignin are returned to the ground in manure and so can 
contribute to soil organic carbon (SOC). Low intensity grazing leaves a significant amount of 
litter in the paddocks from year to year. This senescent component also contributes to the soil 
carbon content including potential release of CO2 to the atmosphere through decomposition 
  18 
and mineralisation. Carbon and nitrogen cycles are coupled and their relationship constrains 
transfer of organic matter in plant and bacterial metabolism (Schimel 1995). Nutrient cycling 
is slowed down by high lignin content and low nitrogen (N) levels and increased by the 
opposite situation (Schimel et al. 1991). Hence, decomposition and mineralisation rates are 
often linked to the C:N ratio (Phillips et al. 2006). Approximately 10% of carbon in a 
grassland system is stored in the plant parts, mainly the roots, with the other 90% in the soil 
profile as soil organic matter (SOM). The SOM types and content varies with different depths 
but most is located in the top 30 cm (Reeder & Schuman 2002). Although it has been found 
that field level sampling of soil C can be adequate for quantifying change at various scales 
(Conant & Paustian 2002), field sampling is labour intensive and increasingly expensive, 
which means that there is a role for remote sensing to play in deriving estimates of the spatial 
distribution of carbon and for monitoring of changes to the carbon stocks. 
Grazing management can influence the grassland carbon cycling and stock but the 
mechanisms are not fully understood. For example, for native grasslands in the US both 
increases and decreases in C content as well as no effect of grazing have been reported, the 
conclusion being that many other factors such as soil type and chemistry, climate, location in 
the landscape, vegetation communities and actual grazing management practices influence 
results more than grazing per se (Reeder & Schuman 2002). However, there seems to be some 
consensus that grasslands and pastures that are adequately grazed show the greatest potential 
for storing high levels of carbon in the soil mainly because grazing promotes perennial grass 
types with deep and fibrous roots and improves C and N cycling from the non-root parts of 
plants to the soil (Schuman et al. 1999). Conversely, low intensity grazing resulting in 
standing litter and increase in annual species can have the reverse effect and as a consequence 
act as a source of atmospheric carbon (Frank 2002). 
An example of temperate perennial pastures acting as sinks was shown by modelling changes 
to agricultural practices from 1970 to 2029 (Grant et al. 2004). In this Canadian research it 
was determined that the conversion of cultivated land to permanent grassland would result in 
a large reduction of greenhouse gas emissions.  
Consequently, underpinning this research is the crucial role improved information on the 
spatial distribution of different levels of pasture quality constituents can play. Better 
information could both support management decisions such as streamlining of stocking rates 
and stock movements, and facilitate better targeted and reduced fertilizer use which would 
minimise undesirable environmental impacts, all contributing to an improved economy. In 
addition, spatial estimates of the carbon fraction in temperate pastures could help validate 
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models of nitrogen and carbon fluxes in the grassland biome leading to enhanced information 
for urgent policy decisions. 
2.3 Temperate pasture quality 
The most important characteristics of temperate pastures from a grazing industry perspective 
view are the type of pasture, and the quantity and quality of available pasture at different 
points in time during the growing season. 
Temperate and managed pasture types are often referred to as either unimproved or improved. 
Both are originally sown as opposed to predominantly native pastures. More management 
effort has usually been expended on the improved type by both enhancing soil properties and 
species composition. In unimproved pastures annual grasses are more likely to dominate and 
in improved pastures deep-rooted perennial species constitute a greater proportion of the 
biomass. Legumes are often grown together with grasses because they improve the pasture 
quality. The movement from unimproved to improved or vice versa is also a function of 
availability of nutrients and the grazing pressure applied as this affects species composition 
(Saul 2006c). 
The quantity of pasture biomass present in a paddock and the pasture growth rate (PGR) are 
essential factors to base management decisions on. Feed on offer (FOO) is used as a common 
term to describe, discuss, compare and manage grazing systems (Saul 2006b). Sometimes it is 
referred to as pasture dry matter (DM), pasture mass or pasture availability (Saul 2006c) with 
kg DM/ha being the measurement unit. FOO can be estimated by calibrating visual scores 
from paddock transect lines against measured biomass of quadrat pasture cuts (Hill, MJ et al. 
1998; Meat & Livestock Australia 1998). The average calibrated scores are then calculated 
for an entire paddock. Estimates of PGR can provide prediction of FOO at future points in 
time required for efficient livestock management (Edirisinghe et al. 2000). 
The number of livestock that can be sustained on a given number of paddocks is determined 
by the amount of pasture grown, its distribution over the seasons and the length of the 
growing season (Saul 2006a). It is also referred to as the carrying capacity and the unit is 
usually “dry sheep equivalents per hectare” (DSE/ha). The carrying capacity is related to FOO 
but is also dependent on the quality of the pasture. For example the potential carrying capacity 
in south west Victoria varies from 10 DSE/ha (five month growing season) to 20 DSE/ha 
(eight month growing season).  
Pasture quality is named and defined in slightly different ways by researchers in the US, 
Europe and Australia , for example in the Us forage quality or herbage quality is used for 
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pasture quality. Although not specifically expressed, forages and herbages could include feed 
sources other than pasture plants, such as leaves from trees and crops. In this research only 
pasture quality is discussed. Ball et al. (2001) defined forage quality as “…the extent to which 
a forage has the potential to produce a desired animal response” and this would apply also to 
pasture quality. (Ball et al. 2001) suggested that while protein and minerals can limit animal 
performance, digestible energy is more likely to a limiting factor. This means that digestibility 
is a very important quality factor of pastures used for feeding animals and information about 
the spatial distribution can provide valuable information to grazing enterprises. Pasture 
quality for wild herbivores may be characterised by macronutrients phosphoros (P), potassium 
(K), calcium (Ca) and magnesium (Mg) in addition to nitrogen (Mutanga et al. 2004b), but 
these are also used as important indicators of nutrient content and feed quality in temperate 
pastures (Schut et al. 2005a). 
According to Ball et al. (2001) the pasture quality concept is in many publications introduced 
as simple and usually receives far less consideration than it deserves (Ball et al. 2001). 
However, in Australia publications show a high level of recognition for the complexity of the 
pasture quality concept (Pearson & Ison 1997; Saul 2006c; van Herwaarden & Faulkner 
2003). 
Many factors affect pasture quality; very important are species composition and stage of 
maturity. Soil fertility and fertilization, rainfall, absolute temperatures and their variation 
during growth are secondary factors also influencing the quality. Pasture quality generally 
declines as maturity advances with a decrease in nutrient content and digestibility, and an 
increase in fibre content (Saul 2006c). The main attributes that reflect pasture quality are 
therefore:  
• nutrient content; 
• digestibility; and 
• fibre content and so called “anti-quality” factors (Ball et al. 2001). 
2.3.1 Pasture nutrient content 
Nutrient content in pastures is often represented by the crude protein (CP) content, which is 
related to the plant nitrogen content. Nitrogen taken up by the plant roots as nitrate and 
ammonia is used to form stable components of chlorophyll, the protein rubisco and inert 
structural components (fibres) in the cell tissue. Soluble carbohydrates (starches and sugars) 
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in the plant cells constitute a readily available nutrient component and influence digestibility 
and palatability (Ball et al. 2001). 
The chlorophyll pigments are photoreceptors and determinants of plant productivity because 
of their photosynthetic capacity (Pinar & Curran 1996). They occur as green pigments in all 
photosynthetic plant tissues in large amounts in the chloroplasts (Harbourne 1984). Other 
pigments present in the chloroplasts such as carotenoids (carotenes and xanthophylls) have 
been shown to be highly correlated with concentrations of chlorophyll, for example in 
bracken (Blackburn 1998) and their relative content compared to chlorophylls is used for 
determination of senescence levels and stress exposure (Gitelson et al. 2002b). 
The most abundant nitrogen-bearing compound in green leaves is the photosynthetic enzyme 
and protein rubisco (D-ribulose 1-5-diphosphate carboxylase). This enzyme plays a critical 
role in the fixation of carbon in photosynthesis and accounts for 30–50 % of the nitrogen in 
green leaves. Protein is a key nutrient in forages such as legumes and grasses. Crude protein 
(CP) is a parameter commonly used in relation to forage quality and includes both true protein 
and non-protein nitrogen (Schroeder 1994; Sullivan 1973). Crude protein of forage is 
calculated as 6.25 times the nitrogen content (Ball et al. 2001). True plant protein is 
approximately 70% of total N in fresh forage and ~60% in dry (Van Soest 1965). Non-protein 
N includes substances such as glutamine, glutamic acid, asparagine, aspartic acid and nucleic 
acids and some nitrates. There is also an insoluble fraction in the lignin molecules, which is 
indigestible and it usually makes up 5–10% of the total N in forages.  
2.3.2 Pasture digestibility 
Estimates of digestibility indicate how much of a forage will be digested, i.e. the extent to 
which it is absorbed in the animal’s digestive tract. This can vary from 80-90% in green leafy 
material and be as low as 40% in mature, stemmy material (Ball et al. 2001). The dry matter 
portion in a forage that is digested by animals at a specified intake level is called dry matter 
digestibility (DMD) (Ball et al. 2001). If it has been determined by feeding animals in a 
digestion trial it is termed In Vivo DMD (IVVDMD) and if it has been determined by 
digesting forages in a laboratory the name is In Vitro DMD (IVDMD). In this research it is for 
ease of reference simply called digestibility and is the spectroscopically determined percent 
IVDMD. Digestibility varies between species and as the pastures mature the digestibility 
decreases. In Hill, R (1999) pasture species commonly found on Victorian farms were 
grouped by digestibility levels at the middle of the growing season as summarised in Table 1. 
These figures concur more or less with those of Saul (2006c). To illustrate the temporal and 
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plant component relationship to digestibility, data from Horizon Agriculture Pty. Ltd. (2005) 
is included for comparison. 
Table 1 Pasture species and plant component digestibility. Plant species are marked with footnote when specific 
to author. 
Digestibility Percent 
digestibility 
Pasture species  Plant components^ 
Very high 75-85 White clover, Persian clover, tetraploid 
Ryegrass**, hybrid Ryegrass** 
 
 
75-80  young leaves 
High 70–80 Perennial ryegrass, Phalaris, Tall fescue, 
Lucerne, Subterranean clover, Balansa 
clover Capeweed 
 
Moderate  65–75 Cocksfoot, Soft brome, Barley grass old leaf and young stems 
 60–70 Wallaby grass, Fog grass, Weeping 
grass**, Kikuyu** 
 
Low 55–65 Onion grass, Sweet vernal, Fox / Rats tail 
fescue, Spear grass, Weeping grass*, 
Kangaroo grass, Silver grass. 
mature green stems 
 40–55  recently dead plant material 
 30–40  old dead plant material 
Sources:* (Hill, R 1999) **(Saul 2006c), ^ (Horizon Agriculture Pty. Ltd. 2005)  
The highest digestibility is shown for legumes such as white clover and cultivars of Rye grass, 
whereas native grasses like Kangaroo grass and grasses common in unimproved pastures such 
as Sweet vernal and Silver grass show low digestibility. The leaf material is in most plants 
more digestible than the stem and the difference between the two is greater the woodier the 
stem. Shorter pasture (maintained in a vegetative stage by grazing) is therefore more 
digestible than if the pasture is undergrazed and has been allowed to become tall and rank.  
2.3.3 Pasture fibre content 
The fibrous or cell wall fraction of plants consists of cellulose, hemicellulose, lignin and 
cutin. 98% of this fraction is indigestible (Van Soest 1985). 50% of organic carbon exists as 
cellulose (Hawkins 2001). Hemicellulose consists of several different polysaccharides 
associated with plant cell walls (Ball et al. 2001). It has very variable digestibility, even in the 
same plant, possibly because of being linked to lignin. Lignin is a complex polymer of 
phenylpropanoid units and is one of the most persistent of naturally occurring hydrocarbons. 
Lignin encrusts and penetrates cellulosic materials and has a structural purpose in plants. It is 
quite resistant against enzymatic microbial digestion. Lignin acts as a barrier to the 
degradation of cellulose and hemicellulose. The decomposition of lignin is therefore a rate 
limiting step in the bio-atmospheric carbon-oxygen cycle (Melillo et al. 1982). Because lignin 
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is indigestible and impermeable to water it also reduces overall digestibility of plants. Lignin 
has been used as a measure of digestibility but has been found to not adequately explain the 
digestibility of plants (Van Soest 1985). Cutin is like lignin, built as a net but formed by long 
aliphatic hydroxy-fatty acids. It protects the air-exposed parts of the plant cell walls. The cutin 
component in forages is negligible (Goering & Van Soest 1970). Cellulose and lignin can be 
considered ‘anti-quality’ components as they are negatively correlated with digestibility and 
crude protein, and therefore provide a complement to productivity measures. Commonly used 
measures of fibre content include the neutral detergent fibre fraction (NDF) and the acid 
detergent fraction (ADF). NDF represents the total cell wall components and is used to predict 
intake potential and ADF represents the cell wall components without the hemicellulose 
components and is used to provide estimates of digestibility.  
Pasture quality is also influenced by other anti-quality factors or compounds such as tannins, 
nitrates, alkaloids, cyano-glycosides, estrogens and mycotoxins. For example tannins in high 
concentrations can lower voluntary feed intake and animal performance but in medium 
concentrations can be beneficial and aid in rumen digestion of proteins (Wen et al. 2003). 
2.3.4 Pasture quality and animal performance  
Agronomy and animal research has highlighted the many aspects of the ecology of grazing 
systems. What determines actual animal performance is multi-factorial. The potential animal 
performance is partly determined by genetic, environmental and physiological factors. The 
type (sheep, dairy cattle, beef cattle) breeds, genetics and status (for example lactating or non-
lactating) of livestock influence the voluntary intake in respect to plant selection and amounts 
eaten (Flinn 1990). The amount and quality of pasture available, and the maturity and 
structures of the canopies play an important role in animal intake (Hassall et al. 2001; Pearson 
& Ison 1997). The use of the term nutritive value (NV) of forages is growing as it is variable 
and includes the relationship between animals, environment and pasture attributes.  
Different groupings of crude protein and digestibility levels are used to classify pasture 
quality for animal feeding. 
A FEEDTEST® report (2001) suggested that: 
• high quality = CP >10% (of DM) and digestibility >72% (of DM) 
– suitable for feeding to all classes of livestock; 
• moderate quality = CP >10% (of DM) and digestibility >64% (of DM) 
– suitable for feeding to most classes of livestock and 
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• low quality = CP < 10% (of DM) and digestibility <58% (of DM) 
– for animals grazing this pasture additional protein and energy is required 
from other sources. 
In contrast, Schroeder (1994) reported ‘Prime’ Quality standard as CP>19% and DMD >65 % 
and the lowest class (5) when CP<8% and DMD <53% for legume, grass and grass legume 
mixtures. Hence a division into low, medium and high quality can only be indicative and has 
to be viewed in relation to the needs of the specific animals.  
The lack of absolute definitions for pasture quality classes seems quite appropriate, as what is 
adequate quality for one type of animal, for example wethers, may not be able to sustain 
another, such as lactating ewes with lambs. To finish lambs off for sale requires higher quality 
than pasture destined for silage. The same amount of FOO, in kg DM/ha, of a high quality 
pasture versus a moderate quality pasture, will produce different growth rates depending on 
animal needs (Saul 2006c). Therefore feed test reports should include comments in regards to 
the suitability of the pasture analysed for feeding of different classes of livestock. 
2.3.5 Seasonal changes in pasture quality 
The phenological development of pasture plants during the growing season produces changes 
in structure, bio-chemical content and growth rates and can be divided into a number of 
stages, starting with the vegetative growth stage, followed by the maturing stage, the 
flowering and seeding stage and ending with the senescence stage. In addition, a regrowth 
stage may occur under favourable conditions. The nature, length and timing of these stages 
are not the same for different vegetation communities and also vary between species within 
these communities. Thirteen stages of maturity for blooming plants are described in detail by 
Ostrowski-Meissner (1987). 
The change in digestibility and energy content of pastures over the growing season is also 
outlined in Saul (2006c). When the pasture is young and in a vegetative stage the quality is 
high (Figure 5). It gradually goes down as the pasture matures, starts to flower and sets seeds.  
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Figure 5 The change in digestibility and energy content of annual and perennial pasture species as the pasture 
matures. Courtesy Saul (2006c), ‘Figure 9.3’. 
The figure also shows that volunteer annuals have generally lower values of digestibility than 
sown perennial grass species and the difference increases over time but tapers off in 
senescence. Furtherrmore, senescent pasture quality declines with time as the best parts are 
eaten and rain leaches nutrients. When a leaf dies most of the water is lost and during 
senescence fructose, glucose, starch and protein are withdrawn or consumed by the plant or 
by microbes. Breakdown-resistant cell wall materials become the remaining bulk after 
senescence. Plant senescence creates residual dry or dead plant material containing carbon 
which can become part of the carbon in the soil if not eaten (or burnt). Most pastures will 
contain some senescent grass leaf material even when at the most productive state at the 
bottom of the field cover unless newly sown. Differences in grazing pressure can also result in 
varying amounts of dead grass being left from previous seasons which impacts overall quality 
and affect production especially in spring. If much dead herbage is mixed in with the green it 
can be become hard for grazing animals to select enough fresh new growth and the 
productivity can be unnecessarily reduced. However, later in the season there may be a 
reliance on dry feed left over from the spring. 
Water content in pastures decreases as the plants mature, i.e. before bloom, in bloom and after 
bloom. Water content falls sharply after heading and is therefore linked to pasture quality. 
When comparing new or young tissue to older, the younger contains more water. The mean 
water content when forage is cut for hay is usually 60–75% for grasses and 70–75% for 
  26 
legumes (Sullivan 1973). The time of day when forage is cut also affects the moisture content. 
Water content is possibly better described as a pasture or plant constituent than a pasture 
quality attribute.  
Senesced plant material is alternatively referred to as litter, non-photosynthetic vegetation 
(NPV), dead or dry as opposed to green photosynthetically active vegetation (PV). Estimates 
of NPV and PV are important for estimating yearly primary production (van Leeuwen & 
Huete 1996), and fraction of absorbed photosynthetically active radiation, fAPAR (Di Bella et 
al. 2004b). The relative proportions of NPV and PV (and bare soil) is linked to ecosystem 
function (Harris, AT et al. 2003). The decay rate of leaf litter is controlled by the content of 
nitrogen and lignin in the green leaves which means that they have an influence on the global 
cycling of carbon and oxygen (Elvidge 1990; Wessman et al. 1988). Hence if the spatial 
distribution of these components can be estimated this could provide useful information to 
modellers of element cycling in earth ecosystems. 
Assessment of pasture quality conditions across a farm at a specific point in time is complex 
because the occurring species in the pastures will usually be at different growth stages which 
can result in a variation within and between paddocks. Varying grazing pressure and cutting 
during the growing season impact development and species composition and can force a 
regression in phenological stage, sometimes with a modification to the characteristic of the 
growth stage (Ball et al. 2001). Point-based pasture quality information may therefore not 
adequately reflect the inherent variation and hence information on the spatial variation in 
pasture quality derived from hyperspectral remote sensing could give a better understanding 
of fluxes influencing stock performance. 
2.3.6 Traditional methods to determine temperate pasture attributes and 
forage quality 
As indicated above feed testing to determine attributes of pastures important for grazing 
management decisions has developed over the years and become more and more sophisticated 
and reliable. So which of the parameters that make up the quality of the pasture can we 
measure and/or predict? Nutrient content (represented by crude protein and digestibility) and 
fibre content are routinely measured using near-infrared spectroscopy (NIRS) based on wet 
chemistry reference methods. Such combinations of methods are also used to determine anti-
quality factors such as tannins (Ferwerda et al. 2006; Soukupova et al. 2002; Wen et al. 
2003). Chlorophyll and concentrations of other photosynthetic pigments in plant tissue have 
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been widely analysed to characterise the physical status of vegetation using 
spectrophotometry (Lichtenthaler & Wellburn 1983). 
Traditional methods for assessing pasture quality parameters such as crude protein, 
digestibility, and fibre content include animal performance and wet chemistry analysis of 
point based pasture samples. The actual result of the feed eaten by the animals or animal 
performance is mostly measured as increase in animal weight and rate of increase, but other 
parameters such as milk fat content and wool fibre microns are also determined depending on 
the purpose of the livestock venture. The palatability of pastures and the preference are by 
nature not so easily measured and intake can be measured but is laborious. 
The wet chemistry method called the ‘Kjelldahl method’ of nitrogen/protein determination 
requires a time consuming and unpleasant toxic chemical digestion of the samples, followed 
by critical distillation and spectroscopy stages (Martens & Naes 1989). Hazardous wastes are 
generated that need to be disposed of (Starks et al. 2006). The Kjelldahl method determines 
total nitrogen content and a factor to calculate protein. The chemical determination of 
cellulose and lignin is also poisonous (Van Soest 1985) and laborious with the methods 
encompassing different steps and chemicals. A number of methods exists for determination of 
in vitro and in vivo digestibility. Most are time consuming and complicated, especially when 
involving live animals where rumen contents need to be analysed on a regular basis.  
In the last 25 years the developments in NIRS for analysis of forages (including silage) and 
food stuffs have meant that more efficient sampling can be done with faster results obtainable 
by farmers compared to wet chemistry analysis. Visual estimates of pasture quality based on 
the proportion of green versus dead pasture, legumes versus grasses and perennials versus 
annuals in pasture samples are sometimes performed instead of or to complement the NIRS 
information (Ball et al. 2001; Saul 2006b, 2006c). NIRS has been used since the 1970s by 
departments of agriculture in the US, Europe and Australia to estimate feed quality attributes. 
References of early successful use of NIRS to predict forage quality, for example Barton and 
Burdick (1979) and Norris et al. (1976) are cited in Clark, DH (1989, p. 8), and Barton et al. 
1992 and Williams and Norris 1987 are cited in Curran et al. (1997, p. 415). Instruments with 
very high signal to noise ratio (SNR) in light controlled laboratory environments are being 
used successfully to determine feed quality parameters. Different types of analyses such as 
multiple linear regression and bi-linear modelling are used to create calibration equations to 
predict estimates in new but similar samples. It has meant a revolution for the grazing 
industry as the methods have proven quick, cheap and non-toxic compared to wet chemistry 
methods and are non destructive, i.e. the grain can be used after analysis, although to develop 
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the calibration equations used for prediction, results from wet chemistry methods are used as 
reference. Exhaustive information on important aspects of near-infrared technology is given 
in American Association of Cereal Chemists (2001). 
Extrapolation to spatially covering variation is not usually performed from point based results 
but there have been some successful attempts undertaken to bring NIRS directly into the field. 
Paul et al. (2000) found that a NIRS diode array instrument mounted on a harvester could 
accurately adequately predict DM in perennial ryegrass, the analytical error being below 1%. 
However, only a range of 19–29% DM was evaluated, but the results were promising, 
especially given that the instrument is moving. The authors recommended to extend the 
experiment for digestibility, protein and cell wall carbohydrates but no further evidence of 
this has been forthcoming. 
A simple model describing the seasonal change in DMD (and CP) using cumulative 
temperature sum (TS) was developed by Schut et al. (2006a) for a large data set (n=789) of 
samples from grass swards in extensive grazing systems dominated by annuals in Western 
Australia and Victoria. An R2 value of 0.78 with an RMSE of 5.3% was achieved for the data 
set including all annuals; when differentiated to species types (grass, sub-clover and other) the 
R2 range was 0.76–0.87 with RMSE values of 4.2–5.6%, and when differentiated to sites 
(WA-ann, VIC-ann, VIC-mix) the range was reduced to 0.60–0.82 and RMSE to 3.4–3.7%. 
The lowest R2 and highest RMSE was for the VIC-mix dataset, which contained a mixture of 
annuals and perennial species, possibly indicating that factors other than cumulative 
temperature sum, such as type of species, affect DMD changes in perennial pastures. For CP, 
Schut et al. (2006a) suggested that the approach can perhaps only be used for annual clover 
and weed dominated pastures, and that other models are need for other species or regions. In 
addition, the spatial variation of the estimates of digestibility would be limited by the 
available temperature data and its resolution. 
Because of successes in other fields such as forestry and cropping, non-destructive approaches 
related to NIRS such as spectrometry are emerging that can determine both bio-physical and 
bio-chemical constituents of grasslands from different spectral capture levels above the 
ground. 
2.4 Spectrometry 
The recent emergence of field, airborne and satellite spectrometers that share characteristics 
with instruments used for laboratory NIRS has brought with it the challenge to test and extend 
methods successfully employed for feed testing to hyperspectral remote sensing. Summaries 
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of the development of imaging spectroscopy/spectrometry for vegetation studies can be found 
in Kumar et al. (2001) and Van der Meer and de Jong (2003a) 
The branch of physics which studies the propagation, measurement and interpretation of 
electromagnetic spectra is called spectroscopy (Kumar et al. 2001). Spectroscopy can be 
translated to “viewing light” (Hruschka 1987) and the word spectrometry is derived from 
spectro-photometry and means the ‘measure of photons’. Spectroscopy and spectrometry are 
used interchangeably in the research literature and are for most intents and purposes the same. 
Both involve the measurement and recording of electromagnetic radiation or energy in narrow 
and contiguous bands. Imaging spectrometry or hyperspectral imaging as it also is called 
(Goetz 1996) refers to systems that record images with a near complete reference spectrum 
for each image pixel. Field spectroscopy or field spectrometry are terms used for near or in 
situ sensing using a spectrometer within a field or in a laboratory that records spectral 
signatures of objects that are spatially discrete. Hyperspectral has become the remote sensing 
term used to distinguish between sensors with many contiguous bands as opposed to multi-
spectral sensors with only a few bands such as Landsat and SPOT. 
Spectrometers mounted on various platforms and with different signal to noise ratios (SNR) 
have been used to determine vegetation attributes for the last couple of decades. The 
principles of laboratory spectrometry of dried and homogenised leaves are similar to those 
applied to remotely sensed spectra of canopies. The main differences between the laboratory 
and air- or satellite remote sensing applications are reduced and varying illumination, effects 
of the atmosphere, lower SNR in the instruments and heterogeneous canopies with 
background effects (Curran et al. 1997).  
Recent developments are promising and improvements in instrumentation and analytical 
methods have meant that adequate accuracy is starting to be accomplished with hyperspectral 
data captured over standing canopies (Curran et al. 1997; Mutanga et al. 2005; Schut & 
Ketelaars 2003b). 
The following sections cover concepts underpinning the use of spectrometer data to determine 
pasture quality and issues that related research has highlighted. They include: 
• factors affecting spectral data (2.4.1); 
• characteristics of imaging spectrometers (2.4.2) and 
• issues of scale (2.4.3). 
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2.4.1 Spectral data and factors affecting spectral signals 
The electromagnetic radiation (EMR) recorded by the sensor systems and spectrometers used 
in this research is spectral radiance. It is recorded in digital numbers and converted to watt 
per square metre per nanometre or micrometre (W m-2 nm-1 or µm-1). Spectral radiance can 
more simply be described as the energy within a wavelength band radiated by a unit area per 
unit solid angle of measurement (Curran 1986). 
Reflectance or the reflectance factor is calculated as the ratio of the incident to reflected 
radiance and being a ratio is a unitless number between 0 and 1. In this study reflectance (ρ) is 
used for spectral reflectance (ργ) because radiance recorded by all the spectrometers used in 
this study is recorded for limited wavelength intervals. Reflectance is the optical parameter 
most commonly used to characterise an environment and is a function of the fundamental 
scattering, absorption and transmission properties of the studied objects. 
Many factors affect solar irradiation on its way to the earth’s surface and on the way back to a 
sensor. Figure 6 provides a generalised schema of sources of scattering, absorption and 
transmission that affect the radiance reaching an airborne or space based remote sensor. For 
pasture canopies, these interacions may seem simpler than for forests, but in reality it is more 
a question of viewer scale 
 
Figure 6 Overview of EMR interactions in the natural world. (Courtesy P. Daniel, CSIRO Land and Water, 
Remote Sensing Group, 2005.) 
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The illumination field is made up of two major components, direct and diffuse EMR. The 
diffuse fraction (included in reflectance measurements under natural light) is a function of 
atmospheric conditions, the topography and the surroundings of the observed surface 
(Schaepman-Strub et al. 2005). Each of the components have additive and subtractive effects 
on the signal received by a remote sensor and are wavelength dependant. In addition, noise 
originating from the sensor itself will contribute a component to the signal and is commonly 
described by the signal-to-noise ratio (SNR) of the instrument. 
The amount of radiation recorded by a remote sensor is also affected by the solar zenith angle 
and the solar elevation angle. The solar zenith angle is dependent on the latitude of the 
observer and the time of year of observation and affects the amount of incoming irradiance. 
High solar elevation angles increase the occurrence of sun and sky glint. Most remotely 
sensed data are therefore recorded either in mid morning or mid afternoon to avoid the effects 
from high or low solar elevation angles. Remotely sensed data also depend on the sensor 
opening angle and view geometry. The view angle is the relative position of the observer (or 
sensor) and the sun to the relative position of the target.  
The Bidirectional Reflectance Distribution Function (BRDF) attempts to describe both the 
downward-welling and upward-welling radiation fields and characterizes the reflectance 
anisotropy of Earth’s surfaces and the atmosphere. It cannot be directly measured because it is 
the ratio of infinitesimal quantities (Schaepman-Strub et al. 2006). However, it can be 
approximated by discrete spectrometer measurements, atmospheric correction and angular 
modelling. The limitation of most reflectance products is that ρ is intercepted and measured at 
one angle, not the whole hemisphere.  
The effects of the BRDF are often clearly visible in airborne imagery as a difference in 
brightness across a flight path. When trying to analyse spectral signatures for similar objects 
across adjacent swaths these types of effects can be a problem (Clark, RM 2007; Schiefer et 
al. 2006). Airborne imagery should therefore be flown into or away from the principal plane 
of the sun to minimize these effects.  
The influencing factors are affected by the distance to the target and field of view of the 
sensor and become related to the issue of scale. The atmospheric effects influencing the signal 
received by an in situ spectrometer are less and unlike those at airborne and satellite levels. 
For details on the modelling of the components that dominate at different scales or capture 
levels see Chabrillat et al. (2002) and Shaepman-Strub et al. (2005). 
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Properties of the plant canopy such as architecture and dominant leaf angles also affect the 
characteristics of the spectral signal received but it is the relative differences in reflection and 
absorption characteristics between different levels of bio-chemicals in the pasture plants that 
produce the potential for mapping of pasture quality. However, in order to retrieve the ‘true’ 
spectral signatures of the objects of interest, removal or a reduction of the influence of the 
many confounding factors needs to be performed.  
The main correction most commonly undertaken, regardless of application, is atmospheric 
correction. Several methods are available to correct spectral data for atmospheric influences 
and the intended application and the availability of software will often determine the method. 
Whatever method or combination of methods there is no way of avoiding a trial and error 
approach because of the trade-off between removing unwanted features and enhancing 
desirable ones. 
Atmospheric correction software aims to calibrate the data to relative or absolute reflectance 
by removing effects from scattering and noise (Van der Meer & De Jong 2003a). The effects 
of the varying atmosphere and illumination conditions are approximated through radiative 
transfer modelling and other methods such as empirical line correction using field reference 
spectra and spectral mixture modelling. Many radiative transfer models, for example 
LOWTRAN, MODTRAN and 5S/6S (Vermote et al. 1997), are now in use to compensate for 
atmospheric effects using both known parameters and the images themselves to enhance the 
recorded signals and remove non-target effects without loss of important information. The 
software programs ACORN (www.aigllc.com) and CSIRO’s HYCORR (Mason 2000) based 
on ATREM/6S (http://cires.colorado.edu) were used in this research. Other prominent ones 
include FLAASH, based on MODTRAN-4 implemented in ENVI 
(www.rsinc.com/enviflaash.asp) as an add-on module (Anderson, GP et al. 1999), HATCH 
(Qu et al. 2000), and ATCOR4 (http://www.geosystems.de/atcor). All these models produce 
estimates of absolute reflectance. Comparative research of the performance of ATREM, 
ACORN and FLAASH on AVIRIS data suggested comparable correction results, although 
FLAASH was the most flexible (Goetz et al. 2003). However, Kruse (2004) compared 
ATREM, ACORN and FLAASH outputs using AVIRIS and Hyperion data and found 
significant differences between the models, but that these were the same as or larger than 
errors introduced by the sensors and wavelength calibrations, making a determination of 
relative performance impossible. The loose use of terms such as surface or at-surface 
reflectance resulting from atmospheric correction, and BRDF or bidirectional for reflectance 
products, is criticised by Schaepman-Strub et al. (2006) as being inadequate and the authors 
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suggest a more stringent terminology in order to improve the understanding of the nature of 
the data produced. 
The imagery, the environment imaged, and the intended application is likely to determine the 
suitability of a specific atmospheric correction model. For most applied scientists the reality 
of what is accessible and affordable at the time of the research is more likely to determine 
which software is used and that was also the case for this study. ACORN has been reported to 
produce acceptable results for Hyperion imagery  
(Chewings et al. 2002; Coops et al. 2003; Cudahy et al. 2001; Datt et al. 2003b) and 
HYCORR for HyMap (Chewings et al. 2000; Huang, Z et al. 2004; Underwood et al. 2006). 
Residual effects after atmospheric correction are common, especially near areas of strong 
atmospheric water vapour absorption. It is therefore common to apply data reduction 
techniques based on, for example Principal Component Analysis (PCA) or 
minimum/maximum noise fraction transformation (MNF) as the inversion of theses 
techniques after removal of “noise” can reduce these effects and smooth spectral signatures 
(Datt et al. 2003b; Green, AA et al. 1988; Vermillion & Sader 1999). PCA and MNF are for 
this reason often used as a first step in feature extraction.  
Inversion of radiative transfer leaf and canopy models developed and refined over the last 15 
years has been used to model and account for the effects of varying canopy characteristics 
such as leaf inclination/angle (LAD), leaf area index (LAI) and leaf structure. Modified 
indices such as MCARI/OSAVI has been shown to reduce soil effects on vegetation 
greenness indices (Steven 1998; Zarco-Tejada et al. 2003a) while the use of mathematical 
transformation of spectral data, such as differentiation and continuum removal have been 
shown to minimise the influence of varying background and leaf water content. As this type 
of approach does not require the parameterisation of radiative transfer model parameters they 
are in general more readily available and more easily applied. 
2.4.2 Spectrometers 
Broadband or multi spectral space-based remote sensing systems with sensors such as Landsat 
MSS and TM with only a few spectral bands have been used successfully since the 1970’s for 
a range of purposes including agriculture and for regional and global monitoring of natural 
resources (Kruse 1999; Moran et al. 1997). 
The use of detailed spectral information from spectrometers with narrow and continuous 
bands at the laboratory scale to extract information on mineral composition of soils and rock, 
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and bio-chemical content of plant and food materials has also been well established for many 
years (Clark, DH 1989; Elvidge 1990; Nagler, P. L. et al. 2000). 
In the late 1980’s imaging spectrometers carried by aircraft started to be used (for example 
Airborne Imaging Spectrometer (AIS), AVIRIS and CASI) for geological applications such as 
surface mineral identification requiring high spectral resolution imagery and high spatial 
resolution (Vane & Goetz 1988). In particular, the development of AVIRIS in the late 1980s 
stimulated research and applications in the fields of ecology, hydrology, oceanography and 
atmospheric science (Vane & Goetz 1993). This has been shown by the many research papers 
produced over the last two decades. The AVIRIS has also been of great use for subsequent 
sensor design and calibration, and information extraction processes (Vane & Goetz 1993). As 
the advantages of hyperspectral scanners became apparent other sensors were developed over 
the following two decades including HYDICE, HyMap and DAIS (Van der Meer et al. 2001). 
A summary of early applications using imaging spectrometry can be found in Curran (1994). 
Hyperspectral research, using airborne and ground-based spectrometer data to scale up to 
coarser resolution imagery acquired from more remote platforms with potential to provide 
larger spatial coverage and high repeat frequency, has increased (Datt et al. 2003b; Vane & 
Goetz 1988). The launch of EO1 with the first space-borne hyperspectral sensor, Hyperion, in 
2000 has provided an opportunity to test this research and to further develop it by providing 
hyperspectral images containing a much larger variation in forest and vegetation communities 
within one scene compared with airborne flightlines. EO1/Hyperion was launched for 
research and not intended for commercial use, but its longevity and performance have meant 
that many more users than the primary researchers have since had access to its data. 
Remote sensing systems differ, especially in the radiometric, spectral and spatial domains, 
including band positions in the visible/near-infrared (VIS/NIR or VNIR) and the shortwave 
infrared (SWIR) regions of the electromagnetic spectrum. Table 2 provides a summary of the 
spectral, radiometric and spatial resolution of some common multispectral sensors and 
hyperspectral sensors/spectrometers in use. 
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Table 2 Summary of commonly used sensor systems /spectrometers and their characteristics. Sensors used in this 
research are marked by bold typeface. 
Sensor name Capture 
level 
Number of spectral 
bands (sampling interval) 
Band width or spectral 
resolution FWHM (nm) 
Spatial resolution 
(metres) 
Landsat 5, 7 MSS Satellite 4 100 (B1–B3), 300 (B4) 79  
Landsat 5, 7 TM Satellite 7 60 nm (B3)–1900 (B6) 30, 120 (B6) 
SPOT 4 Satellite 4 (Multispectral XS)  
 
1 (Panchromatic PAN)  
~100 (VIS/NIR) 
250 (SWIR) 
220 (Pan) 
20 (XS)  
 
10 (PAN) 
IKONOS Satellite Multispectral (4)  
 
Panchromatic (1) 
71 (B1), 89 (B2), 66 
(B3), 96 (B4) 
450 
4 (XS) 
 
1 (PAN) 
Terra MODIS Satellite 36  Varying, (10–50) 250 (B1–2) 
500 (B3–7)  
1000 (B8–36) 
EO1 Hyperion Satellite  220 (10 nm) 10 30 
AVIRIS Airborne 224 (10) nm 10 20 
CASI Airborne 288 (1.9 nm) 2.5 0.5–10 
HyMap Airborne 126 (15 nm VIS, NIR, 
SWIR1 13 nm,  
SWIR2 17 nm)  
(15–16 nm VIS, NIR, 
SWIR1, 18–20 nm 
SWIR2) 
3–10 
ASD FR PRO In situ/ 
ground 
2151 (1.4 nm @ 350–1050 
nm) (2 nm @ 1000–2500 
nm) 
3 @ 700 nm, 10 @ 1400 
nm and 2100 nm 
Varying, fore 
optics dependent 
(point sampling) 
The difference in number of bands and the spectral resolution defined by the full-width-half-
maximum (FWHM) of the channels is what sets multispectral and hyperspectral sensors apart, 
where the latter have many more narrow bands. Whether a feature of interest will be 
resolvable in remotely sensed spectral data depends on the spectral, spatial and radiometric 
resolution, and importantly the signal to noise ratio (SNR) of both the sensor and 
environmental conditions inherent in the spectral data. The spectral resolution varies between 
hyperspectral sensors, both AVIRIS and Hyperion have a higher spectral resolution (10 nm 
band width) in the SWIR than HyMap (20 nm), which can be compared to the ASD field 
spectrometer resolution also of 10 nm in the SWIR. The spatial resolution is not any longer 
purely a function of distance to the target. The spatial resolution of SPOT and IKONOS 
match airborne hyperspectral sensors such as AVIRIS, CASI and HyMap. However, the sole 
currently operating space based hyperspectral scanner Hyperion has a spatial resolution 
similar to that of Landsat. By adjusting the band positions and band widths to suit specific 
applications needs the MODIS multispectral sensor has come to great use despite the lower 
spatial resolution (250–500 metres). Radiometric resolution or quantisation (10 or 12 bits for 
most of sensors in Table 2) refers to the dynamic data range available for the storage of the 
recorded signal but the strength of the signal depends on the amount of signal received. For 
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example 10,000 times less radiation reaches a satellite at 500 km than an aircraft at 500 m 
(Kumar et al. 2001). 
Imaging spectrometers differ in the engineering implementation of the sensors (Goetz 1996). 
The whiskbroom (optomechanical) is exemplified by AVIRIS and HyMap and characterised 
by an oscillating mirror ahead of the fore optics creating an image as the platform moves 
forward. The other main system, the pushbroom sensor (solid-state), exemplified by SPOT 
and Hyperion, has an area-array detector in the focal plane of the spectrometer to build up the 
image lines. The advantage of the former is small sensor-induced aberrations and for the latter 
high recording efficiency resulting in a SNR achieved by an increased ‘dwell’ time per pixel.  
Signal to noise ratio (SNR) 
SNR is the calculated estimate of the relationship between the signal and the noise from 
interfering signals such as internal electronic and optical influences and external/atmosphere 
noise. SNR can be used as an indicator of sensor sensitivity and signal quality and is useful 
for comparing between sensors/systems (Fischer et al. 2003). Instrument SNR, as part of 
technical specifications, is commonly based on a certain level of reflectance (for example 
50%). The actual image SNR depends on the target reflectance and varies across the 
spectrum. For vegetation several of the spectral regions of interest, especially in the SWIR, do 
not usually reach a reflectance of 50%. Therefore, instrument SNR does not necessarily 
provide enough information about the SNR of the actual spectrometer data. To ascertain the 
actual SNR of an image, for example to determine whether a specific spectral absorption 
feature is likely to be resolvable in the spectral data, it needs to be calculated directly from the 
image scene, and as a guideline the depth of an absorption feature of interest should be a 
magnitude greater than the noise level (Curran & Dungan 1989). Several methods, more or 
less simple, are in use (Curran & Dungan 1989; Green, RO et al. 2003; Wettle et al. 2004). 
The simpler ones have been criticised for deflating the SNR and more complicated require 
complex mathematics (and programming) to calculate statistics of different image 
components and are not yet available as standard tools in image analysis software. The SNR 
for HyMap imagery, based on reported values, indicates that the SNR should be at >500:1 at 
50% reflectance (Cocks et al. 1998) and perhaps at least 600:1 and at the most 800:1 at 2200 
nm as indicated by Chabrillat et al. (2002). 400:1 has been reported for the AVIRIS 1995 
configuration (Kruse 2000). These values can be compare with some caution to the much 
lower reported values for Hyperion SNR such as 140–190:1 in VIS-NIR, 96:1 in SWIR1 
(~1225 nm) and 38 or 40:1 in SWIR2 (~2125 nm) at 30% albedo (Pearlman et al. 2003). 
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HyMap 
The HyMap sensor was developed initially for mineral mapping (Cocks et al. 1998). HyMap 
USA “group shoot” in 1999 provided much needed research on sensor performance and 
applications using airborne spectral data of land targets (Kruse et al. 2000). The many near 
contiguous bands and the high SNR of HyMap data has meant that numerous studies have 
been undertaken using increasingly sophisticated methods that show the potential of HyMap 
data for a wide range of applications including mineral abundance mapping (Van der Meer & 
de Jong 2003b), estimates of forest nitrogen concentration (Dury et al. 2000; Hüber et al. 
2005) and forest pigment (Schlerf et al. 2003), mapping of grassland nitrogen and biomass 
variations (Mutanga 2004) and invasive aquatic vegetation (Underwood et al. 2006), 
assessment of crop stress (Erasmi & Kappas 2003) and arid vegetation mapping (Lewis et al. 
2001).  
The multiple flight lines often necessary to cover study areas or regions of interest has been a 
drawback for airborne hyperspectral imagery such as HyMap because of the added 
complication of needing to compensate for brightness gradients before analysis of the data can 
be undertaken. Successful outcomes have been shown by several researchers (Kennedy et al. 
1997; Schiefer et al. 2006) who have developed more or less complicated methods to 
ameliorate the problem. So called ‘crosstrack illumination correction’ is available as part of 
image analysis software for example ENVI (RSI Inc.). In addition research has shown some 
problems with noisy bands in HyMap data that need to be identified and removed before 
further analysis (Brunn et al. 2003). 
Hyperion  
The performance of the satellite-borne sensor Hyperion between 2001 and 2003 was 
evaluated by the NASA Science team and several papers have detailed the sensor specifics 
and experiences from applying the data (Apan et al. 2004; Brando & Dekker 2001; Chewings 
et al. 2002; Coops et al. 2003; Cudahy et al. 2001; Jupp et al. 2002; Jupp et al. 2003; Lewis et 
al. 2001; Pearlman et al. 2003; Pengra et al. 2007; Wettle et al. 2004). Australian findings 
reported by Jupp & Datt (2005) stated that Hyperion exceeded operational expectations and 
generally exceeded expectations for applications to agriculture, mineral explorations, forestry, 
coastal waters and coral reefs, and rangelands. However, numerous limitations with the 
imagery were found, requiring the development of quite specific pre-processing steps (Jupp et 
al. 2002), which need to be applied by all data users. The lack of data for georeferencing 
(without using an external source) has also been listed as disadvantage to operational users. 
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A few studies have compared the performance between Hyperion spectral data and airborne 
data such as HyMap and AVIRIS and found them relatively comparable despite differences in 
SNR. For example the accuracy of estimates of forest canopy N concentration from Hyperion 
spectra (0.25% of dry mass) and of AVIRIS estimates (0.19% of dry mass) were found to be 
within the range needed to separate forested ecosystems based on nitrogen status (Smith, M-L 
et al. 2003). Niemann and Goodenough (2003) showed that the spectral signatures derived 
from AVIRIS and Hyperion relating to forest canopy and foliage attributes were comparable 
with the Hyperion even potentially showing more promise despite lower SNR. A comparison 
between AVIRIS and HyMap data for mapping of expansive clay soils showed that despite 
the higher spectral resolution of AVIRIS compared to HyMap, HyMap performed equally 
well for identification of clay minerals (except for kaolinite) (Chabrillat et al. 2002). 
Field spectrometers 
In comparison to airborne/satellite systems field and laboratory spectrometers exhibit much 
higher radiometric and spectral resolution and higher SNR. However, the difference in field of 
view and hence smaller spatial coverage also sets them apart and for laboratory spectrometer 
data the stability of the illumination source contributes to the capture of much higher quality 
data. A large number of laboratory spectrometers utilising different parts of the 
electromagnetic spectrum are in use in research and commercial laboratories around the 
world. They have proven effective in providing data for analysis and prediction of content and 
composition of a range of chemicals, foodstuffs and forages (Martens & Martens 2001; Norris 
et al. 1976). 
Field spectrometer measurements can be seen as a bridge between laboratory measurements 
and airborne/space spectrometers because of the ability to capture spectra of vegetation 
canopies under natural light conditions (Milton 1987). PIMA® (Integrated Spectronics Inc., 
Sydney), GER (Geophysical and Environmental Research Corporation, Buffalo, New York) 
and ASD FieldSpec (Analytical Spectral Device, Inc., Boulder, Colorado) are examples of 
commonly used spectrometers∗ to ground truth hyperspectral remote sensing images. They are 
very useful for calibration of airborne and satellite sensors but also identifying spectral bands 
best suited for different applications and modelling of vegetation parameters for remote 
sensing. However, issues relating to the difference in influence on spectral signals from, for 
                                               
∗
 They are here referred to as spectrometers but the GER 3700 and ASD FieldSpec PRO is actually 
spectroradiometers, i.e. capable of recording radiance in addition to reflected EMR. 
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example, a plant canopy spectrum and an image pixel, need to be considered when using 
ground based spectra as references for spectrometer imagery (Datt et al. 2003a).  
Field spectrometers are also used in their own right for determining spectral properties of 
minerals and vegetation. They have become more affordable and accessible to staff at 
Australian agricultural research and government organisations (Rodríguez et al. 2006; Schut 
& Ketelaars 2003c). This means there is potential for the use of field spectrometers as a quick 
way of assessing the quality and health status of agricultural crops over the growing season, 
without using airborne and satellite-borne imagery.  
Both field captured spectra and laboratory spectra of vegetation are predominately spatially 
discontinuous recordings of the reflected light. The main difference between the laboratory 
spectra and field spectra is that the former are usually recordings of reflected EMR of dried 
and ground vegetation samples, illuminated by an artificial light and recorded with a sensor 
with very high SNR. The latter are recorded in the field using the sun as the light source and 
the spectra represent reflected light by the vegetation canopies including possible ground, 
shadow and canopy structure effects. However, the distinction between laboratory and field 
spectrometers is fluid because of overlapping uses. Laboratory based spectrometers are 
utilised for analysis of water containing vegetation matter such as fresh leaves (Jacquemoud et 
al. 1996) or silage (Gordon et al. 1998; Park et al. 1998) as is research using field 
spectrometer set-ups in the laboratory with a stable light source recording fresh green leaves 
or whole plants in pots and containers (Martens & Martens 2001; Mutanga et al. 2005; Norris 
et al. 1976; Schut et al. 2002).  
An exception to the spatially discontinuous nature of most field spectra is when the 
spectrometer is mounted on a tractor (Fitzgerald et al. 2006; Schut & Ketelaars 2003a) to 
construct more or less continuous spatial images of the ground or moved by other means close 
above vegetation canopies (for example walking with the spectrometer).  
2.4.3 Scaling 
Ecosystem processes occur at a all spatial scales and the relationships are mostly non-linear 
and the patterns vary (Rahman et al. 2003). Hence observations at different scales are needed 
for better comprehension and description these (Rietkerk et al. 2002). One definition of the 
scaling process is ‘taking information at one scale and using it to derive processes at another 
scale’ as expressed by Jarvis (1995, cited in Rahman et al. 2003, p. 193). 
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There are four main ‘remote sensing optical signature domains’ related to scaling issues and 
originating from different sensor set-ups (Asner 2004, p. 55); spatial, spectral, angular (and 
BRDF) and temporal. All these signature domains are intrinsically related and the relative 
effect of each depends very much on the process and object of study. In addition, inherent 
instrument differences such as those between spectroradiometers (including fore optic), 
whiskbroom scanners and pushbroom scanners, produce scale related effects because of the 
way objects are imaged and the spectral signal averaged.  
The spectral and spatial scaling issues involved in moving from laboratory spectroscopy to 
leaf and to canopy levels captured by the ASD field spectrometer close to the ground and then 
on to airborne and satellite spectra are therefore many and complicated, especially when 
trying to use methods and relationships developed at one level for use at others. 
For vegetation studies this can mean taking measurements at the leaf level in an attempt to 
extrapolate to top of canopy level, or to use measurements from ground level of a limited 
spatial area and infer or compare to properties acquired for a larger spatial area recorded from 
the air. It has been shown that variations in canopy architecture produce spectral distortions 
disabling the portability of relationships developed for stacked leaves and needles to 
vegetation canopies (Jacquemoud et al. 1995b). In contrast, Dury et al. (2000) attempted to 
track minor absorption features of nitrogen in eucalypt leaves/canopies by comparing NIRS 
regression results with those for dry and fresh whole leaves as well as pure HyMap foliage 
spectra and found that wavelengths with known absorption could be identified at all 
levels/scales. 
Grasslands and pastures are naturally heterogeneous and the variations are related to species 
composition, with biophysical and biochemical properties that are interrelated and affected by 
environmental variables and management, all of which change over time. The spatial scales 
necessary to capture these differences will vary between sites and also depend on the accuracy 
and precision of the variables sought to predict. Rahman et al. (2003) showed from using 
geostatistical procedures (semivariogram and local variance) with in situ transect data and 
airborne hyperspectral imagery (AVIRIS) that a pixel size of six metres or less was needed to 
study the characteristic variation in functional properties (represented by for example NDVI 
and WBI) of Southern Californian annual grassland and chaparral ecosystems. This means 
that for example with Hyperion imagery with a 30 metre pixel size it would be hard to resolve 
such potentially important spatial patterns. However, the effect of the SNR and the spectral 
resolution on detectability of such patterns were not discussed in this paper but have been 
shown by others to be important. For example, Chabriallat et al. (2002) showed that a higher 
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SNR in HyMap data was likely to compensate for lower spectral resolution compared to 
AVIRIS in detection of clay mineral distribution patterns. By integrating spatial pixels an 
increase in SNR could be achieved and the method can therefore be considered useful for 
detecting low variations in for example biochemical levels with large spatial patterns. 
A multisensor approach was employed by Schmid et al. (2005), who determined endmembers 
in high resolution spatial and spectral data that were useful also when resampled to 
multispectral resolution to study changes in wetland vegetation in Central Spain, although less 
pattern detail could be determined. Another multiscale application used in situ derived 
endmembers to characterize landscape components related to land degradation (Huete et al. 
2002). The in situ field spectra were used to calibrate the airborne images (AVIRIS) and maps 
of important components produced and although the actual linking process to Hyperion 
satellite data was not explicitly stated the importance of hyperspectral satellite observations 
for vegetation monitoring in semi arid regions was concluded. 
Many issues related to scaling physiological processes between leaf and canopy, although not 
simple, are fairly well researched and understood (Ehleringer & Field 1993) and coupled 
leaf/canopy models are improving (Jacquemoud et al. 2000). Attempts at scaling 
hyperspectral data between different canopy levels is emerging with access to hyperspectral 
sensors with various resolutions. One way of approaching this is to simulate broader spectral 
resolutions by resampling from a narrow spectral resolution using spectral response functions. 
This is useful for sensor comparisons and investigations into the spectral and radiometric 
resolutions needed for resolve of vegetation attributes of interest at different capture levels 
(Jupp & Datt 2005). For example, Schlerf et al. (2003) showed that the strength of association 
between leaf pigments and spectral data was actually maintained when degrading one 
nanometre spectral resolution data to HyMap band resolution. Another approach is to 
compare abilities of several sensors over the same study area. Kruse (2000) found that both 
AVIRIS and HyMap could map mineral abundance to the same level despite half the spectral 
resolution of the latter to the former. They also found that sensor SNR overrides spectral and 
spatial resolution, i.e. if the SNR is not high enough the other two don’t matter.  
A number of authors report the need for more research into the differences and links between 
different capture levels (Jacquemoud et al. 1995b; Jongschaap & Booij 2004; Rietkerk et al. 
2002)., especially extending from chlorophyll and water to other biochemicals such as 
nitrogen/protein, cellulose and lignin (Jacquemoud et al. 1995b).  
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Although there is no correct scale for a measurement and increased precision of location can 
produce increased uncertainty (Ehleringer & Field 1993), the practical reality is that for 
agricultural applications related to management it would be ideal to be able to derive 
information from satellite data (because of larger synoptic view and the usually cheaper cost) 
but at sufficient detail to facilitate management interventions that make a difference to the 
sustainability of the enterprise. 
2.5 Spectrometry of vegetation 
The optical parameters usually considered in remote sensing studies of vegetation are the ones 
that cause a change or are a function of a change in the inherent optical properties such as 
reflection, refraction, absorption, transmittance and scattering of the light reaching the leaves 
of the plants. These parameters include water, pigments and biochemicals such as nitrogen, 
protein, lignin, sugars, cellulose, and tannins. Biophysical properties such as biomass, LAI, 
leaf structure and angles and proportional cover also affect the optical properties of plant 
canopies (Asner 1998; Blackburn & Steele 1999; Clevers et al. 2005; Jacquemoud et al. 
1995a). 
The spectral reflectance curve created by the properties of an object is often termed the 
spectral signature because of being very characteristic of earth materials such as soils, 
minerals and green vegetation (Guyot 1980). In this study the terms spectral signatures and 
spectra are used interchangeably and recorded/derived spectra of the different pastures are in 
xy-plots with wavelengths along the abscissa (x-axis) and reflectance values along the 
ordinate (y-axis). 
Several factors, by their nature quite disparate, affect spectral signatures of vegetation. Living 
plants are sensitive to ultraviolet and infrared radiation and use energy in the visible region 
(VIS) for photosynthesis (Kumar et al. 2001). Leaf and canopy structure, and water affect the 
reflected plant spectrum characteristically also in the infrared (IR) region which is often 
divided into the near- and shortwave infrared (NIR and SWIR). The vegetation affected 
region can therefore be divided into three categories for evaluation of spectral properties 
(Samson 2000). They relate to three different components of the leaf that dominate the leaf 
reflectance respectively: 
• VIS 400–750 nm (plant pigment content);  
• NIR 750–1350 nm (internal leaf structure, canopy structure); and 
• SWIR 1350–2500 nm (water concentration in plant tissue). 
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Two major processes control the spectral reflectance of leaves; absorption and scattering.  
Radiant energy is absorbed by the biochemicals in the leaf to differing degrees (Elvidge 1990) 
and the absorption depends strongly on the wavelength. Some biochemicals are strong 
absorbers, for example water and chlorophyll, and others are weaker, for example nitrogen, 
protein, lignin and cellulose. Pigment absorption caused by electron transitions require high 
energy, hence the main absorption occurs in the VIS creating broad absorption features. Water 
absorption is caused by O-H bond stretching and bending and occurs over the IR region. 
These vibrational processes require lower levels of energy and therefore absorb energy in the 
longer wavelengths, creating narrow absorption features. The different types of absorption 
influence the detectability of the biochemicals of interest, within what ranges and at what 
resolution they may be detected. 
The primary absorptions of organic compounds occur generally in the ultraviolet or the 
thermal regions of the electromagnetic spectrum. Organic chemists have traditionally focused 
on these areas in their spectroscopic analyses. However, in remote sensing the focus has 
mainly been in the VNIR which is where the secondary absorption wings, overtones and 
combination bands caused by the overflow of primary absorption by leaf biochemical 
molecules occur. However, as the sensitivity of spectrometers in the short wave infrared 
region has increased, more focus has been placed on the secondary absorption occurring from 
protein/nitrogen, lignin and cellulose. Some of the chemical bonds causing absorption are the 
same for different biochemicals and some are different which can make the interpretation of 
overlapping absorption features difficult (Clark, RN & Roush 1984; Verdebout et al. 1993).  
The relationship between reflectance or absorbance information and the biochemical content 
to be derived by spectrometry is thus complicated and is also confounded by additive 
(baseline shifts) and multiplicative terms of scattering. Physical scattering of light happens 
both at the leaf surface and in the internal structure. Datt (1998) quotes several authors who 
have shown that the scattering by leaves is almost wavelength-independent over the 
visible/near-infrared (VNIR) wavelength region and Asner et al. (1998) and Dorigo (2003) 
showed that the effects of scattering is most evident in the NIR where plant and canopy 
properties determine the size and shape of the reflection in the absence of pigment absorption.  
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2.5.1 Major absorption features in vegetation 
In the three regions of the spectrum mentioned above there are six major absorption features, 
which are caused by pigments, water and the considerable overlap between the absorption 
bands of other biochemicals. They have been utilised successfully to link leaf and canopy 
biochemical content to spectral responses by concentrating the analysis to these specific 
regions (Curran et al. 2001; Kokaly 2001; Kokaly & Clark 1999). In green vegetation spectra 
there are three prominent absorption features, two in the VIS and one in the NIR (Figure 7). In 
senescing vegetation these three weaken and three features in the SWIR become more 
prominent as leaf water content drops but also because of structural changes in the cell walls 
of the plants. 
 
Figure 7 Location of the six major absorption feature on one green (green line) and one dry (blue line) pasture 
canopy spectrum. After (Curran et al. 2001). 
The absorption features highlighted in Figure 7 show the main effect on two pasture canopy 
spectra (green and dry) caused by pigments, water and overlapping narrow features of protein 
and organic compounds. The position and characteristics of the features showing the strongest 
absorption are used to relate spectral responses of vegetation to the bio-chemical content or 
concentration, often together with spectral regions considered not effected which are used as 
references. Developments of much used vegetation indices such as NDVI make use of these 
relationships (Tucker 1979) as do indices developed from narrow bands sensors for 
determination of crop characteristics (Thenkabail et al. 2000). 
  45 
The first major absorption feature is located between 408 and 518 nanometres. Chlorophyll a 
and chlorophyll b electron transitions at 430 nm and 460 nm cause absorption here. It is 
followed by the so called green peak at 550 nm, a region of relatively lower absorption/higher 
reflectance in green plants that has also been correlated with plant pigment concentration 
(Gilabert et al. 1996). The region between 588 and 750 nm, the second major absorption 
feature, is considered the main plant pigment absorption feature where most light used for 
photosynthesis is absorbed by chlorophylls. It is influenced both by the concentration of 
chlorophyll and the condition of the chloroplast membranes (Fischer et al. 2003). Electron 
transitions in chlorophyll b at 640 nm and chlorophyll a at 660 nm as well as chlorophyll in 
general at 724 nm create a broad and deep absorption feature with a maximum around 690 
nm. 
In the NIR region EMR is not absorbed and there is consequently a transition in the form of a 
sharp rise in reflection from the VIS in green vegetation. This area is commonly referred to as 
the red edge and the inflection point between high absorption and high reflection generally 
occurs between 680 nm and 740 nm. This point is named both REP (red edge point) and REIP 
(red edge inflection point) in remote sensing literature and is defined as the position on or 
wavelength of the reflectance curve at the maximum slope. This is often determined by the 
maximum of the first derivative of the slope or the position where the second derivative of the 
red edge is 0. The methods for actually calculating the REIP vary somewhat and are explained 
in detail in for example Cho & Skidmore (2006) and Dawson & Curran (1998). The red edge 
region has been the focus for much vegetation research in the last decades and its 
characteristics such as double peaks in the first derivative reflectance have shown to correlate 
well with chlorophyll content, LAI, biomass and stress related changes (Baret et al. 1994; 
Gilabert et al. 1996; Horler et al. 1983; Mariotti et al. 1996; Pinar & Curran 1996; Schut et al. 
2005a; Zarco-Tejada et al. 2003b). 
Atmospheric oxygen causes absorption at 760 nm according to Datt (2006a). However, 
Schmidt and Skidmore (2004) assumed that the wave feature 765-770 nm is sensor noise 
because it persists in spectra of other surfaces measured with the same instrument. This 
deduction might be incorrect because of the existence of absorption by oxygen at 760 nm and 
a sharp waveform occurs between 755–770 nm in the research ASD spectra and raw HyMap 
and Hyperion image spectra of many surfaces. The behaviour of this waveform may however 
be altered by vegetation and plant structures and hence could enable analysis of for example 
stress effects. 
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The characteristics of the NIR plateau are strongly influenced by leaf (and canopy) scattering 
related to water and plant structures. Water has two smaller absorption features centred at 970 
nm and 1100 nm (Leblanc 2001). Another region of strong absorption, the third major 
absorption feature, is located between 1116-1284 nm. Maximum absorption is reported to be 
located at 1190 or 1200 nm and is caused mainly by water, but both lignin and cellulose also 
absorb radiation here. 
The SWIR region, also called the mid-infrared region, is located between 1300 and 2500 nm. 
Water has major absorption features here (1450 nm and 1940 nm) and water content of 
vegetation heavily influences the reflectance in this region (Van der Meer 2003; Wessman 
1990). A higher water content decreases the reflectance and smoothes the apparent features. 
In drier vegetation the region contains absorption features created by harmonic overtones and 
combination bands of stretching and bending vibrations of molecular bonds related to 
fundamental absorption elsewhere in the spectrum of organic compounds such as protein, 
lignin and cellulose (Wessman 1990). Similar effects of transitional metallic ions make this 
the key wavelength region for many applications within mineral exploration and soils 
analyses. Spectrometers usually display a lower sensitivity in the SWIR compared to shorter 
wavelengths. The region beyond 2000 nm in the SWIR is most sensitive to illumination 
differences (Hostert et al. 2003). 
In dry vegetation the three major absorption features in the shortwave near infrared region 
caused by nitrogen/protein and fibres become obvious (Figure 7). Research has shown these 
spectral absorption features to be persistently sensitive to nitrogen, lignin and cellulose 
concentrations in across several research sites (Kokaly & Clark 1999). The first, which is the 
fourth major absorption feature, is located between ~1652-1770 nm. The first overtones of C-
H bonds for nitrogen, protein, lignin and cellulose occur in this region. In the region between 
2006-2196 with a centre around 2100 nm protein, cellulose and lignin chemical overtones 
create the fifth major absorption feature. The spectral region between 2260–2280 nm are 
reported to consistently appear in calibration equations for digestibility (Gordon et al. 1998). 
In the region around 2300 nm nitrogen, protein, lignin and cellulose all contribute to this sixth 
major absorption feature. This is also the region where differences in spectral response make 
discrimination between senescent vegetation/litter and soil possible (Nagler, P. L. et al. 2000). 
In addition, Lewis et al. (2001) pointed out that at absorption by plant-based fats and oils 
1730, 2310, 2350 nm were present in dry grass spectra in semi-arid grasslands.  
Absorption effects are commonly described by a number of absorption parameters such as 
position of maximum/minimum, and depth, width, and area, full-width-half-max position 
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(FWHM) and asymmetry of the features. These parameters have been used to determine 
mineralogy and chemical composition of samples as well as quantitative estimates of nutrients 
in vegetation from hyperspectral field and laboratory spectra (Van der Meer & de Jong 
2003b).  
With improved sensitivity of sensors and development of suitable methods there has been 
considerable success in determining nitrogen/protein, cellulose and lignin content in 
vegetation. Research into spectral properties of vegetation has been conducted increasingly on 
‘intact’ plant material from dry whole leaves (Card et al. 1988), bark, and wood (Elvidge 
1990), fresh whole leaves (Chappelle et al. 1992; Curran et al. 1992; Fourty & Baret 1998), 
and stacked leaves (Datt 1998; Fourty et al. 1996). More recently, successful research have 
used intact plant canopies and ecosystem canopies, for example crops (Yang et al. 2004), 
bushland (Blackburn & Steele 1999), wetlands (Schmid et al. 2004), tropical grasslands 
(Mutanga et al. 2004b), semi arid grasslands and forests (Blackburn 2002; Ollinger et al. 
2002; Peterson et al. 1988) to gain understanding of the multifaceted interaction between 
biophysical and biochemical vegetation and environmental parameters.  
Several authors have shown that spectral features related to live vegetation biochemicals has 
potential to be mapped from airborne hyperspectral imagery with a range of different 
methods. For example, Lewis et al. (2001) showed that spectral mixtures analysis (SMA) of 
field and airborne hyperspectral spectra could be used for mapping of vegetation components 
in semi-arid rangelands based on differences in the cellulose-lignin absorption features in the 
SWIR. Measured nitrogen concentration of mixed forest canopies in Switzerland was found to 
correlate to HyMap data in a pilot study using spectral feature analysis (Hüber et al. 2005). 
Spectral effects of leaf water 
A challenge to using secondary or tertiary absorption features of nitrogen/protein, lignin and 
cellulose in remote sensing of vegetation for agricultural or ecosystem studies is the obscuring 
effect of leaf water. Studies have shown that leaf water can obscure absorption features 
related to other biochemicals in green vegetation. In the 1970s it was thought that liquid water 
was the totally dominant absorber in the SWIR of green leaves (Gao, B-C & Goetz 1994). 
However, their study of reflectance spectra from dry and green oak leaves showed that an 
absorption feature at 1720 nm remained when the water spectrum had been subtracted. This 
feature has since been related to nitrogen/protein absorption but stable methods for reliable 
estimates from vegetation canopy reflectance spectra have proven difficult to establish 
(Fourty & Baret 1998; Grossman et al. 1996; Jacquemoud et al. 1996). Effects of leaf water 
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on reflectance spectra may need to be removed to within 10% for it to be possible to extend 
methods proven successful on dry leaf spectra to fresh leaves and canopies (Kokaly & Clark 
1999). Results from a study of semi-arid rangeland vegetation indicated that there are real 
vegetation components that will show that show both classic green absorption in the VNIR 
and absorption in the SWIR indicating dryness. However, the study did not confirm the nature 
of this component and recommended further study to investigate the result. In contrast, 
chlorophyll absorption in the VIS region is not affected by leaf water content. In contrast, 
Dury et al. (2000) found that despite the effect of leaf and canopy liquid water, wavelengths 
with known nitrogen absorption could be identified at leaf and airborne capture levels using 
regression with sampled eucalypt nitrogen concentration. 
Vegetation biochemicals and spectral absorption wavelengths 
The main biochemicals that have been successfully estimated in vegetation using 
spectrometry data are chlorophyll and carotenoids, water, protein/nitrogen, lignin and 
cellulose, and to a lesser degree starch (Blackburn & Steele 1999; Carter & McCain 1993; 
Ceccato et al. 2001; Clevers et al. 2005; Coops et al. 2003; Curran et al. 1992; Curran et al. 
2001; Datt 1998; Fourty & Baret 1998; Gitelson et al. 2002a; Huang, Z et al. 2004; Kokaly & 
Clark 1999; Martin, ME & Aber 1997; Rollin & Milton 1998; Schut & Ketelaars 2003b; 
Serrano et al. 2000; Soukupova et al. 2002; Ustin et al. 1994; Ustin et al. 1998; Wessman et 
al. 1989; Yoder & Pettigrew-Crosby 1995). In addition, plant secondary metabolites such as 
tannins (Ferwerda et al. 2006; Soukupova et al. 2002) and sideroxylonal-A (Dury et al. 2001) 
have also shown to be spectrally resolvable in some plant material.  
These successes are mainly reported to be based on the derivation of correlations between 
spectral absorption features of these biochemicals and content or concentration in vegetation 
using different spectral enhancement techniques and correlation methods. However, some 
lack of agreement regarding for example the possibility to derive canopy N differences at 
needed levels using stable methods is evident in the hyperspectral research community, as 
summarised by (Johnson 2001). The wavelengths showing correlations to different 
biochemicals vary between vegetation types and study sites, and type of analysis. Johnson 
(2001), after simulating N changes using fresh leaves of of 38 species and finding only subtle 
spectral changes associated with 0.5% changes in concentration, therefore recommends a 
more pragmatic approach using a surrogate biochemical such as chlorophyll or canopy 
architecture to monitor short-term and long-term physiological changes.  
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Less pragmatic approaches seem to have reigned the practical application of spectral data to 
prediction of forage parameters by the NIR spectroscopy community. Although the 
importance of a physical connection between wavelengths identified through correlation with 
absorption by different bio-chemicals has been stressed (Martens & Martens 2001; Naes et al. 
2002) there seems to be less emphasis on the development of stable models that work for any 
kind of plants and across study sites. Instead, calibration equations are developed for specific 
types such as pasture, wheat, etc. and as long as they work when predicting unknown samples 
they are considered successful. Whether the spectral wavelengths selected in regression 
equations or models need to be stable or need to all be directly related to a physical property 
could therefore be questioned for practical application studies. However, the physical 
connection between spectra and biochemicals is clearly important and their positions need to 
therefore be evaluated when trying to correlate spectral data with pasture quality parameters 
to ensure a sound basis of analysis. 
Of the above mentioned biochemicals, a number are pasture plant constituents related to 
pasture quality, and are likely to be resolvable in reflected radiance of the new generation 
spectrometers. The strong absorbers chlorophyll and water with their established positive 
relationship to protein/nitrogen (indicators of plant productivity and nutrient content) are 
likely to be resolvable in spectrometer data at several capture levels based on the success 
shown using both multi-spectral and hyperspectral data to estimate and map variations in a 
number of biomes. Protein absorption features have been identified and are used in NIRS for 
feed testing and in spectrometer data from various capture levels to map N cycling, 
decompositions rates in forests, crop yield and crop stress. The carbon fraction of pastures 
most likely to be resolvable using spectrometry consist of the persistent parts of plants, i.e. 
cellulose and lignin, and represent pasture components with a negative relationship to pasture 
quality. Absorption features for these have been established in dry plant material (Elvidge 
1990) and some success has been achieved estimating varying levels of lignin in forests 
(Curran et al. 1997; Ollinger et al. 2002) using hyperspectral remote sensing. However, no 
studies have been performed to link spectrometer data of vegetation to actual cellulose 
concentration/content in vegetation, whereas the major absorption feature at 2100 nm has 
been successfully linked to amounts of litter and dry plant/crop residues (Daughtry et al. 
2000; Nagler, P. L. et al. 2000). 
A number of researchers have reported on the wavelengths/bands that are physically linked to 
electron transitions or vibrations and overtones of absorptions of molecules of different 
biochemicals. Forty-two absorption features were reported to relate to particular foliar 
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chemical concentrations by Curran (1989) but ~100 bands in total were collated using 
summaries of an additional number of authors (Asner 2004; Jago 1998; Mutanga 2004; 
Wessman 1990). A summary was collated (Table 132, Appendix N) and is referred to 
throughout the thesis. These bands for chlorophyll, water, crude protein, lignin and cellulose 
were displayed over two pasture spectra, one green and one dry, to provide comparison of 
where they occur across the spectrum (Figure 8 to Figure 11). It should be noted that 
wavelengths within +/- 10–20 nm of these wavelengths are generally reported as ‘associated’ 
or directly ‘related’ in spectrometry studies based on the variation in spectrometer resolution 
and the findings that leaf and canopy structures as well as biochemical levels can affect the 
wavelength positions of absorption. For example Soukupova et al. (2002) found that lignin 
absorption at 1456 nm moved to longer wavelengths with increasing concentration. 
The main wavelengths of chlorophyll absorption (Figure 8) are reported as being located at 
430, 460, 640, 660, 680 and 724 nm (Curran 1989; Jago 1998). They all fall within the two 
first major absorption features as identified in Curran et al. (2001). 
 
Figure 8 Absorption wavelengths for chlorophyll. The six major absorption features (after Curran et al. 2001) are 
marked with black boxes. 
The main absorption features for plant water are situated at 970, 1200 and 1400 nm (Table 
132, Appendix N), but there is also absorption at 1450 and 1940 nm (Figure 9). The third 
major absorption feature is based on absorption at 1200 nm. The widely used water index 
(WI) for retrieval of plant water content is based on absorption at 970 nm using a reference at 
900 nm (Peñuelas et al. 1993).  
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Figure 9 Absorption wavelengths for plant water. The six major absorption features (after Curran et al. 2001) are 
marked with black boxes. 
Correlation between 1150 nm and canopy water content of grasslands in the UK was shown 
by Rollin and Milton (1998) and wheat canopies in China (Zhao et al. 2004). The pasture 
attributes lignin and water share the main absorption region at 1200 nm although water is a 
much stronger absorber than lignin.  
The nitrogen compound rubisco has NIR absorptions at 1500, 1680, 1740, 1940, 2050, 2170, 
2290, 2470 nm (Figure 10). 
 
Figure 10 Absorption wavelengths for nitrogen/protein. The six major absorption features (after Curran et al. 
2001) are marked with black boxes. 
Nitrogen as such has been determined to have absorptions also at 1640 nm, being the first 
overtone of a N-H absorption and the 3rd overtone of a NH3 + NH deformation (“amino acid 
  52 
II”) according to Dury and Turner (2001). Crude protein has major absorption in hay at 2150 
nm (Flinn & Murray 1984). A nitrogen index was developed by Serrano et al. (2002) relating 
nitrogen content to the depth of absorption at 1510 nm with a reference 1680 nm. Reflectance 
at 1770 nm and 693 nm in a normalized index combination has been shown to correlate 
strongly with nitrogen content in foliage from trees, shrubs and grasses (Ferwerda et al. 
2005). Wavelengths close to 1770 nm are otherwise usually seen as representative of cellulose 
or lignin absorption Table 132, Appendix N, but these biochemicals were not included in the 
study. 
Lignin has an intense absorption in the ultraviolet, centred at 280 nm (Schubert 1965), which 
results in an absorption wing extending through the visible and into the NIR. As with 
cellulose, the NIR absorptions of lignin are combination bands and overtones of fundamental 
absorptions at 1450, 1680, 1930 nm, a broad region of absorption from 1050 to 2140 nm plus 
absorptions at 2270, 2330, 2380 and 2500. Lignin dominates absorption at 1690 nm and 
contributes to absorption around 2100 nm together with cellulose and starch (Figure 11).  
 
Figure 11 Absorption wavelengths for lignin. The six major absorption features (after Curran et al. 2001) are 
marked with black boxes. 
A number of lignin absorption wavelengths occur outside the six major ones and in the region 
of strong atmospheric water absorption at 1900 nm. A Lignin index (NDLI) was developed by 
Serrano et al. (2002) relating lignin content to depth of 1754 nm with a reference 1680 nm. 
However, Bolster et al. (1996) confirmed that 1685 nm is an important wavelength for 
spectral analysis of lignin because of the C–H overtone absorption feature reported by others, 
which could question whether 1680 nm is appropriate to as a reference wavelength. Serrano et 
al. (2002) also list a number of bulk canopy lignin wavelengths as resulting from their NIRS 
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research on foliar lignin and nitrogen of chaparral vegetation (both green and senescing). 
There was no relation between these and the known lignin absorption features but the 
developed equation still gave close agreement between measured and predicted bulk canopy 
lignin. There seems to be less well defined wavelengths for lignin than for example for water 
and chlorophyll which perhaps is not surprising given its complex and varying structure and 
narrow absorption features. 
The main absorption feature for cellulose is at 1780 nm but other wavelengths shown to be 
affected include the ones shown in Figure 12; 1194, 1200, 1216, 1275, 1368, 1446, 1448, 
1490, 1540, 1578, 1706, 1736, 1772, 1818, 1820, 1949, 2084, 2100, 2230, 2270, 2280, 2332, 
and 2340 nm (Curran 1989; Elvidge 1990; Jago 1998). Some of these wavelengths would also 
be related to absorption by the similar compound starch. In addition, wavelengths close to 
2260 nm and 2360 nm were selected in the best performing models to predict cellulose in dry, 
ground tree foliage using NIRS (Bolster et al. 1996). The so called cellulose absorption index 
CAI is based on absorption at 2100 nm and relative depth of the absorption feature (CAI = 
0.5*(2000-2200)/2100 (Nagler, P. L. et al. 2000; Nagler, Pamela L. et al. 2003) and has been 
used in a number of applications to discriminate litter and stubble in crop fields. 
 
Figure 12 Absorption wavelengths for cellulose. The six major absorption features (after Curran et al. 2001) are 
marked with black boxes. 
Digestibility (both IVVDMD and IVDMD) has been found to correlate especially strongly 
with the 1660 nm waveband, the second most relevant band being 2270 nm (Murray 1989). 
The former is found to also be important to the acetyl bromide lignin and the latter to both 
lignin and cellulose, possibly because of the C–OH stretch combination occurring there. The 
1660 nm band has been found to show the largest discrimination between lignin and cellulose. 
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Gordon et al. (1998) found that the spectral region 2260–2280 nm consistently appears in 
NIRS calibration equations for digestibility. Flinn and Murray (1984) reported strong 
absorption also at 1934 nm correlating with NDF and in addition to confirming the 1666 nm 
for IVDMD also noted correlations with 1618 nm in NIRS spectra of dried and ground 
pasture hays.  
2.5.2 Spectral data enhancement 
Many techniques are available to enhance spectral data and resolve spectral features of 
interest. Attempts to separate the noise from the ‘true’ signal can significantly enhance the 
ability to establish relationships between vegetation parameters and spectral data. The main 
techniques are listed in Table 3 and discussed in the following sections.  
Table 3 Summary of spectral enhancement techniques. 
Spectral enhancement technique Examples of versions in use 
Scatter correction Standard Normal Variate (SNV), Multiplicative Scatter correction (MSC) 
Smoothing Average/mean filter smoothing, Savitzky-Golay smoothing, Kawata 
smoothing and Minami’s linear least mean-square smoothing, Fourier 
transforms, Wavelet decomposition, resampling and convolving to wider 
band passes 
Derivatives Several orders and polynomials degrees are used often applied, for 
example 1st, 2nd , 3rd, often in combination with smooting and other 
mathematical transforms 
Mathematical and Log transforms 1/R,. LOG1/R often in combination with derivatives 
Continuum removal Applied to full spectrum or isolated absorption feature regions, including 
calculation of feature characteristics and normalisation 
Scatter correction 
A few methods have been developed and implemented in NIRS software to reduce the 
intersample differences caused by scattering/background on spectral signatures of dried and 
ground plant material. In general these corrections transform the spectral vectors into unit 
length (Gordon et al. 1998; Naes et al. 2002; Park et al. 1999; Park et al. 1998). Standard 
Normal Variate (SNV) corrects for effects caused by differences in particle size, baseline shift 
removal or “detrending” and reduces additive effects (Huang, Z et al. 2004), and 
multiplicative scattering correction (MSC) reduces effects by normalising spectra using 
regions assumed to not hold chemical information (CAMO Inc. 2004). Both SNV and MSC 
that result in a spectrum with zero mean and a variance equal to one as explained by Kooistra 
et al. (2003). Variations on these corrections are in use in the NIRS community as they are 
usually part of the NIRS software. However, Park et al. (1998) showed that neither SNV or 
MSC influenced the prediction performance for silage bio-chemical content using PLSR, 
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whereas Schlerf et al. (2003) found improved results but that the optimal scatter correction 
differed depending on the statistical method and mathematical transformation used. 
Smoothing 
Spectral reflectance measurements are often noisy in a random fashion. This can be visualised 
as high frequency “trembling”. To reduce the random noise it is common to apply a 
smoothing or convolving operation to the spectra (Bruce et al. 2002). This is especially 
common when applying derivative transformations prior to analysis. The trade off that has to 
be considered in any smoothing operation is between the removal of noise and capacity for 
resolving fine spectral features (Tsai & Philpot 1998). The nature of the features one seeks to 
enhance or discover therefore needs to be carefully contemplated. The smoothing operations 
regularly applied range from simple average or mean filters to more complicated least squares 
convolution using different filter widths. The latter types of filters were developed to provide 
filters that would be able to discriminate between signal and noise in cases where simple 
mean filters failed. A larger sized filter window will generally produce a smoother result than 
the smaller sized.  
Tsai and Philpot (1998) confirmed that it is better to use Savitzky-Golay smoothing or 
Kawata and Minami’s linear least mean-square smoothing for spectral features smaller than or 
same as filter size, as average or mean filters have been shown to be not as good at 
discriminating between noise and spectral features smaller than the filter size. When the 
spectral feature is broad the average filter should perform just as well. Some of their 
experiments were carried out on spectra of rice and should have some semblance to the 
pasture spectra as rice is also a grass. Changing the sampling interval can also be used with 
interesting results. The research also showed that soybean spectra grouped very clearly at 75 
nm sampling interval but not at 3 nm. Caution in interpretation of specific wavelength 
positions highlighted by regression correlations was stressed by Rollin and Milton (1998) as 
the strength of association with grass canopy reflectance at 1156 nm and actual position, and 
canopy water content was dependent on the degree of smoothing. 
Wavelets are traditionally used for smoothing, noise removal and data compression. Wavelet 
analysis is emerging as replacing Fourier transform analysis (FT), which it is based on (Naes 
et al. 2002). In addition to the capacity of FT to separate signal and background components 
by approximating signal curves into a summation of a series of sine and cosine waves, 
wavelet transformation make use of so called ‘vanishing moments’ (Mittermayr et al. 2001). 
These improve the performance when the background varies between signals and so 
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preserverves local spectral features while reducing noise. Schmidt and Skidmore (2004) found 
when they tested several smoothing techniques on spectra of salt marsh canopy vegetation 
that wavelet transformation provided the best trade-off between noise reduction and 
preserving spectral features. 
Another way of smoothing spectra is resampling or convolving a narrow sampling interval to 
a wider interval. This technique is also called binning and is based on using spectrometer 
specific spectral response functions and band pass filters for the resampling (Jupp 2005a). The 
main reason for resampling is usually to investigate effects of various bandpasses to indicate 
needed spectral resolution for a range of applications and assess degrading (or enhancing) 
effects of different characteristics of the sensors. 
Other mathematical transformation 
Other mathematical transformations are applied to spectral data to remove or reduce the effect 
of undesirable features. Several common approaches are in use including derivatives, 
calculation of reciprocal reflectance, pseudo-absorbance, and continuum removal, and 
combinations of these. 
Derivative analysis is frequently applied in NIRS and spectrometry because it enhances subtle 
spectral details and suppresses the mean level. For a reflectance spectrum the first derivative 
can be defined as dρ/dλ or ρ'(λ) and the second derivative d2ρ/d2λ or ρ"(λ) where reflectance 
is R (λ) or ρ (λ) at a wavelength (λ). First and second derivatives are sometimes also referred 
to as first and second difference of reflectance or absorbance (Dury et al. 2001). Advantages 
and disadvantages of derivatives for calibration are reported by Naes et al. (2002), including a 
discussion on the difference between first and second derivatives. The second derivatives 
usually look more like the original spectrum but with more features, which can be an 
advantage, but if there are many features in the original then any increase in the difficulty of 
interpretation is undesirable. Derivative analysis is sensitive to noise and therefore care needs 
to be taken when it is used. 
An early review of remote sensing research approaches using derivatives of reflectance 
spectra was conducted by Demetriades-Shah et al. (1990). Philpot (1991) showed that even 
illumination and atmospheric effects may be reduced using spectral derivative ratio 
algorithms. Rollin and Milton (1998) employed derivative spectrometry to successfully mask 
spectral variation due to canopy effects, especially variation in LAI and reported that it is 
often used to resolve absorption features and suppress influence of the background. 
Derivatives of reflectance increased the possibility to distinguish between Eucalypt species 
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compared to raw reflectance in a study conducted by Kumar and Skidmore (1998). Fischer et 
al. (2003) calculated eighteen features of spectral expression to evaluate spectral response 
anomalies in mining areas, which included a novel approach using calculation of areas of 1st–
5th derivative in two different VIS regions. The behaviour of the so called ‘double peak’ 
present in canopy derivative reflectance in the red edge has been focus for some research and 
has been related to fluorescence (Zarco-Tejada et al. 2003b). 
Derivatives are commonly applied to reflectance, but also to other mathematical 
transformations such as reciprocal reflectance (1/R), pseudo-absorbance Log (1/R) (Dury et 
al. 2001) and continuum removed reflectance (Mutanga et al. 2004b). 
1/R or R-1 is termed the reciprocal reflectance and has been reported in the literature to be 
useful for chlorophyll quantification at certain wavelengths (Gilabert et al. 2002; Gitelson et 
al. 1996). The exact reason for the improved relationship using reciprocal reflectance is not 
quite established although further research has been called for (Gitelson et al. 2003). 
Log 1/R is a transform analogous to absorbance (assuming “Beer’s law”), which is 
approximately linear with absorbing biochemical concentrations (Dawson et al. 1999). Beer’s 
law quantitatively describes the proportional relationship between the optical density and the 
concentration of light absorbing molecules (Martens & Martens 2001). Log (1/R) is often 
referred to as pseudo-absorbance since it is not measured absorption. It is traditionally used in 
laboratory spectroscopy as the reflectance transform of choice for calculation of calibration 
equations for biochemical content of organic compounds and for forage analysis. It has also 
been used to derive significant relationships between foliar nutrients and fresh and dried leaf 
spectra (Dury & Turner 2001). Blackburn (1998) showed that the first (and second derivative) 
Log 1/R was more clearly associated with pigment leaf and canopy concentrations (chl a, chl 
b and carotenoids) per unit mass in bracken than using reflectance or derivative reflectance. 
Researchers in the remote sensing field analysing the behaviour of vegetation have in recent 
years started to utilise a technique called continuum removal (or baseline normalisation), 
which was first applied in the early 1980s in infrared spectroscopy to identify and 
discriminate between minerals (Clark, RN & Roush 1984). A mathematical function 
described as an apparent continuum is used to isolate a particular absorption feature for 
analysis of a spectrum, where the continuum represents the absorption other than that of 
interest. Wavelength dependent scattering causes shifts in the apparent band minimum, which 
imparts a slope to the spectrum. Continuum removal enhances the wavelength band 
information by removing this slope (Mutanga & Skidmore 2003). As the slope is a result of 
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non-linear multiplicative effects the continuum should be removed by division rather than 
subtraction.  
Kokaly and Clark (1999) used continuum removal of three large absorption features in the 
SWIR to predict nitrogen, lignin and cellulose in dried ground pine needle spectra. This 
research was tested by Curran et al. (2001) extending the biochemicals to twelve including 
chlorophyll and water using six large absorption features. Results from a further study by 
Kokaly (2001) suggested that by isolating regions of known protein absorption for use in 
SMLR with dried and ground leaf spectra more consistent results could be achieved between 
different sites. 
Geometrical parameters such as wavelength position of maximum absorption, depth of 
absorption and asymmetry are often derived to describe characteristics of absorption features. 
Continuum removed absorption features can be compared by normalising the band depth at 
the absorption feature centre or the area under the band depth curve of the absorption feature 
(Kokaly 2001; Schlerf et al. 2003). Further variations of methods to capture the geometry of 
absorption features range from simple algorithms such as applied by Taylor et al. (2006) to 
HyMap data for assessment of soil stubble content, through to slightly more refined 
approaches such as band depth ratio (BDR) and normalised band depth index (NBDI) for 
prediction of grassland variables in ASD in situ data (Mutanga et al. 2004b). They also 
applied derivatisation to the continuum removed absorption depths to enhance the resolution 
of aspects of the absorption features. The isolation of absorption features and use of 
continuum removal and geometric descriptions of these have consistently been reported to 
improve results from analysis of biochemical content in vegetation but also other applications. 
For example, the absorption wavelength can be used to compare different spectral 
measurements and measurement techniques (Hostert et al. 2003) and absorption depth can 
correlate well with stressed vegetation (Fischer et al. 2003). Van der Meer and de Jong 
(2003b) found that image maps prepared from these parameters provided basic information 
for surface compositional mapping. 
As was pointed out by Serrano et al. (2002), the research by (Curran et al. 2001) and (Kokaly 
& Clark 1999) had shown that continuum removal on ground dried vegetation samples could 
be used successfully to isolate spectral signature features relevant to a range of biochemicals, 
but that because of the effects of vegetation water content, this could not be expected to work 
on live green leaves or canopies. The results of their work indicated that the SWIR absorption 
features were masked in green spectra.  
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However, other researchers have shown that continuum removal can have an enhancing effect 
on predictive capacity making continuum removed spectra less sensitive to the obscuring 
effects of leaf water content (Huang, Z et al. 2004). This study compared continuum removal 
to standard derivative techniques for analysis of nitrogen concentration of eucalyptus leaves 
and found improvement in goodness of fit for continuum removed spectra compared to 
derivative reflectance. 
Continuum removal can also be performed on the full spectral range without predetermining 
regions of special absorption to remove non-absorption related noise from spectra. This 
method had been applied successfully for prediction of foliage nitrogen and sideroxylonal-A 
content in Eucalyptus leaves by Huang, Z et al. (2002).  
2.5.3 Spectrometer data analysis approaches 
Research approaches employed in hyperspectral remote sensing to the analysis of 
relationships between spectrometer data and vegetation biophysical and biochemical 
properties vary. In this section a few approaches are described and discussed; analytical, 
statistical and empirical, with emphasis on the latter as it includes analysis techniques 
commonly employed in spectroscopy. They are followed by a discussion of methods used for 
comparison between techniques and assessments of relative error. 
Analytical approaches 
Analytical models use physical principles to describe the interaction of radiation with plant 
material (Goel & Thompson 1984). Radiative transfer modelling produces leaf or canopy 
reflectance models that relate spectral information via complex mathematical functions to leaf 
or canopy variables.  
The basic interaction at leaf level is light absorption by pigments and scattering in the 
mesophyll. In addition light is reflected from the surface of the plant components and 
scattered by cell walls, absorbed by water, other pigments and biochemicals. At the canopy 
level the importance of the distribution and angles of the plant leaves increases. 
A number of sophisticated leaf models such as LEAFMOD (Ganapol et al. 1998; Ganapol et 
al. 1999), PROSPECT (Jacquemoud & Baret 1990; Jacquemoud et al. 1996), and for conifer 
leaves, LIBERTY (Dawson et al. 1998), and canopy models such as SAIL/SAILH (Verhoef 
1984; Zarco-Tejada et al. 2000), IAPI (Iaquinta et al. 1997), have been used for inversion as 
techniques to analyse vegetation attributes and compare measured values to sensor-recorded 
radiance and make predictions of vegetation biophysical and biochemical attributes. These 
  60 
radiative transfer models produce top of leaf/canopy reflectance from biochemical input 
variables such as pigment content and biophysical input variables such as leaf and NPV area 
index (LAI and NPVAI), leaf and NPV angle distributions (LAD and NPVAI, leaf and NPV 
hemispherical reflectance (ρ) and transmittance (τ) properties and soil reflectance. In addition 
sun and view zenith and azimuth angles and hot-spot parameters for different vegetation 
components are used (Asner 1998).  
Researchers have more or less successfully modelled the differences between the leaf and 
many types of canopies. Jongschaap and Booij (2004) related nitrogen status at leaf, plant and 
canopy spatial scales in potato and found that scaling was possible when integrating leaf and 
plant canopy sensing techniques with reflectance signature theories and measurements of 
vertical nitrogen distribution. Successful estimation of vegetation biochemicals was reported 
from the use of PROSPECT/SAIL (Jacquemoud 1993; Jacquemoud et al. 1996) but a 
comparison between different leaf and canopy model combinations showed discrepancies 
arising from differences in LAD representations (Bacour et al. 2002). Although continuous 
improvement is made to these models they do not always suit specific situations or species 
(Newnham & Burt 2001). 
Although some attempts have been made to model leaf geometry in grass canopies using hot 
spot measurements (Qin et al. 2002), pasture height by radar backscatter (Hill, MJ et al. 1999) 
and canopy height and leaf angle (Schut et al. 2002), in practice, parameterisation of models 
for temperate pasture canopies at farm and regional scales is complex. The main reason is that 
at the same point in time, pastures will exhibit great spatial variations in biophysical 
properties including canopy architecture and LAI. The requirement for a priori knowledge of 
canopy structure could possibly be fulfilled by fusion of hyperspectral data with LIDAR 
(Light Detection and Ranging) data but to date successful approaches have only been tested in 
forest applications (Blackburn 2007). 
Statstical approaches 
Statistical techniques include the use of the spectrometer data themselves to determine pure 
endmember spectra (representing constituent spectral signatures) although there are not 
necessarily any pure pixels present in the imagery. These techniques have been commonly 
applied for mapping of minerals, land cover types and vegetation components, species 
discrimination and forest analysis identifying pure foliage. They involve various types of 
spectral mixture analysis and unmixing techniques such as spectral feature fitting (SFF) 
between known spectra and image spectra, mixture-tuned matched filtering (MTMF), spectral 
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angle mapping (SAM) and principal component analysis (PCA). For a review of these 
techniques see Garcia-Haro et al. (1999) and Van der Meer and de Jong (2003b) 
Empirical approaches 
The empirical approach seeks statistical relationships between measured spectral values and 
measured parameters and is the dominant approach in NIRS for feed testing. This approach 
has been criticised for sometimes producing spurious results, because of a lack of causal 
relationship between the parameters being compared producing models with limited 
portability between study objects and sites. However, it has been widely used and much 
knowledge of relationships between spectral properties and biophysical and biochemical 
vegetation parameters has been derived.  
With the large number of bands in spectrometer data and possible wavelength redundancy for 
correlation with many vegetation constituents a number of methods are used to decompose the 
data into fewer variables. The reason for decomposition is fundamentally two-fold; the 
constituent substances under investigation need to be detected and classified and the data 
volume and dimensionality need to be reduced so that it can be easily processed and 
assimilated without loss of critical information (Harsanyi & Chang 1994). Variable selection 
is an invaluable tool when trying to reduce the cost of future observations by only using a few 
variables from a cheaper instrument (Naes et al. 2002). This is also pertinent when trying to 
move from field spectra to air or space borne imagery in order to apply findings from one 
calibration scale to a different one. The methods employed include univariate regression, 
multivariate or mulitple linear regression (MLR) techniques such as Stepwise Multiple Linear 
Regression (SMLR) and Forced Entry Linear Regression (FELR), bi-linear modelling for 
example Principal Component Analysis (PCA), Principal Component Regression (PCR) and 
Partial Least Squares Regression (PLSR). Most of these methods are used across ‘scales’; for 
single leaves, stacks of leaves and canopies (close up or distant), for fresh and dried-ground 
plant material. The increased use of one or another method seems to have evolved over time 
as disciplines learn from each other. 
Univariate or simple linear regression is commonly used to explore the relationship 
between an attribute and the spectral recordings of earth matter samples to identify bands of 
potentially high importance. The results are often displayed as correlograms showing the 
correlation between each spectral band and the attribute. Regions of significant correlation are 
used to for the development of indices and to explore spectral relationships with variables of 
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interest. Vegetation indices are usually derived from ratio combinations of significant and 
reference wavelengths.  
Johnson et al. (1994) highlighted spectral regions of AVIRIS reflectance and first derivative 
reflectance of importance to forest canopy biochemical data and LAI, Nightingale et al. 
(2002) found a few spectral regions of significant correlation for water in CASI spectra of 
Eucalypt foliage, whereas pigment content did not yield regions above 90% significance and 
Curran et al. (2001) used correlograms of laboratory spectrometer reflectance and first 
derivative reflectance and 12 biochemicals from ground and dried slash pine needles to 
provide an overview of the anticipated strength of estimations using stepwise regression. 
Correlograms were used by Dury et al. (2000) to explore and compare wavelengths with high 
correlation to nitrogen in spectrometer data from different capture levels and Huang, Z. et al. 
(2004) used correlograms to select wavelengths in HyMap spectra that were highly correlated 
to nitrogen concentration in Eucalypt leaves of single trees as a component of their 
comparison of statistical methods. 
A reduction of the number of spectral variables can also be achieved by creating a linear 
model of the relationship between the spectral variables and the attribute of interest as in 
multivariate regression analysis (MLR) such as stepwise multiple linear regression (SMLR) 
and forced entry linear regression (FELR).  
SMLR is commonly used both in traditional spectroscopy to investigate relationships 
between various substances and their spectral properties and to make predictions for new 
samples and image spectra not used in the exploration, both in relatively controlled laboratory 
setups and in hyperspectral remote sensing of uncontrolled environments. The method 
involves selecting a limited number of the variables that in combination provide the most 
significant contribution to the regression equation (based on some pre-determined statistic). 
The success of SMLR in predicting variables of interest from spectral values of vegetation 
and other substances has in the research literature reporting been varied. Some researchers 
report very high correlations between predicted values and actual whereas others have found 
the method of more limited value especially in comparison to other methods.  
Norris et al. (1976) used SMLR of transformed reflectance to predict CP, ADF, NDF, lignin, 
IVDMD, DMD, etc. in dry ground forage samples and were some of the first researchers to 
conclude that NIRS had high potential for quick and cheap analysis of forages. Smith, KF and 
Flinn (1991) supported the notion of NIRS as a cost-effective way to procure measurements 
of essential pasture quality parameters and showed ability to develop calibration equations 
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that could accurately predict variations within a closed population. However, the portability of 
the calibration equation showed limitations when used on other populations. 
One of the first to report good correlations between spectra of dry, ground leaf material and 
biochemicals as an indication of the potential of hyperspectral remote sensing was Card et al. 
(1988). However, using a similar approach, the portability of regression equations developed 
on one sample set to those from other times and places were found to be lacking (Fourty & 
Baret 1998).  
In order to find stable bands various transformations to the spectral data including continuum 
removal and isolation of absorption features have been attempted (section 2.5.2). High 
correlation between wavelengths in the isolated broad SWIR absorption features and nitrogen, 
lignin and cellulose concentrations of diverse dried ground leaf samples were achieved using 
SMLR by Kokaly and Clark (1999). This was also the case for Curran et al. (2001) using 
further modified spectral data and extended sample sets including green fresh leaves. Further 
research to determine the effect of plant water and canopy effects were recommended. 
Prediction of bulk canopy nitrogen and lignin in green Mediterranean plants was found to be 
possible using indices derived using SMLR in an explorative way to find important 
wavelengths whereas this was not as successful for senescing vegetation (Serrano et al. 2002). 
Erasmi and Kappas (2003) showed that nitrogen and phosphorus content in winter wheat was 
predictable with reasonable accuracy from independent test samples using the SMLR 
equations developed on calibration samples and differently transformed ASD canopy spectra. 
The first difference log(1/R) of AVIRIS spectra were used to develop calibration equations 
for nitrogen and lignin concentrations of rice field canopies using SMLR with low 
correlations for lignin but with some success for nitrogen (LaCapra et al. 1996). However, a 
general equation for detection of nitrogen concentrations in any rice field was not possible to 
derive because the calibration equations developed for various fields were based on using 
different wavelengths for each. 
The SMLR method has been criticised for its lack of consistency of wavelength selection 
resulting in unstable and non-portable prediction equations and a lack of selection of variables 
with a known chemical or physical basis, such as known absorption properties of the 
biochemical of interest (Grossman et al. 1996; LaCapra et al. 1996; Smith, M-L et al. 2002). 
The risk of overfitting is also seen as a negative aspect of SMLR, i.e. using to many variables 
compared to samples, resulting in high coefficients of determination while fitting noise. 
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So called bootstrapping is sometimes used together with SMLR to assess the stability of the 
developed SMLR equations. From the original dataset of unique samples ‘bootstrap’ random 
datasets are created (allowing duplication of samples) and regressions are run with many 
iterations (for example 1000-10000). Regression parameters are collected and statistics and 
confidence levels for these are used as indicators of stability of bands selected and 
performance of regression equations. A modified approach using frequency of bands selected 
with maximum correlation has been used to predict tannins in South African grass species 
(Ferwerda 2005). SMLR and bootstrapping together with prediction testing has been also 
been used to estimate quality parameters of tropical grasses (Mutanga 2004; Mutanga & 
Skidmore 2004).  
FELR or constrained regression is an alternative to SMLR, where the algorithm is forced to 
select only wavelengths that are known to have a causal relation to the biochemical of interest 
in a stepwise fashion. It has been used successfully by Dawson et al. (1995), Jago (1998) and 
McLellan et al. (1999) to develop equations for prediction of the biochemicals chlorophyll, 
water, nitrogen, lignin and cellulose in grass canopies and slash pine leaves respectively. This 
procedure was also tested by Curran et al. (1997) causing “only” a 19% decrease in the 
strength of the correlation compared to SMLR. However, although relative depth indices 
(RDI) and absorption minima of known water absorption features correlated reasonably well 
with canopy leaf water concentration (%LWC) in a study of wheat fields, Zhao et al. (2004) 
concluded that fixed wavelengths should be used with caution as the wavelengths with best 
correlation vary depending on phenological changes to the canopy. Grossman et al. (1996) 
found that using known absorption wavelengths degraded regression statistics between 
spectral data and biochemicals such as nitrogen, lignin and cellulose and saw this as an 
argument to question the value of high coefficients of determination from SMLR equations. 
Because of the criticisms the main alternatives to SMLR are several types of bi-linear 
modelling such as Principal Component Analysis (PCA), Principal Component Regression 
(PCR) and Partial Least Squares Regression (PLSR). These are established techniques of 
comparison of relationship between multiple variables and have over the years gained 
attention and the use by the remote sensing community has increased. In particular, PLSR 
techniques to assess relationships between biochemicals in canopy spectra and remotely 
sensed imagery are gaining in popularity. 
PLSR was invented by Herman Wold in the 1960’s and 1970’s (Geladi 1988) and was 
modified by his son Svante and Harald Martens in the 1980’s. PLSR has been used 
extensively by the NIR spectroscopy and chemometrics communities for the last decade 
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(Davies 2001) and is reported by Schlerf et al. (2003) to be considered to have superior 
predictive abilities compared to SMLR. 
PLSR is an empirical-statistical based approach of the bi-linear modelling type similar to PCA 
and PCR although in the decomposition process/calculation of the components the variability 
in the y-variable(s) are taken into account. This means that PLS combines most of the useful 
information about the variable sought to predict from hundreds of bands in the first several 
factors, thus reducing the effects of the background, which end up in less important factors.  
Furthermore, the main advantages as described by Geladi (1988) for PLS are: 
• PLS can be used in situations where the number of X-variables far exceed the 
number of samples because the so called loading weight vectors of each 
consecutive latent variable computed is orthogonal to the next and thereby 
overcomes the problem of collinearity;  
• PLS is “distribution free”, i.e. does not require data to conform to a certain 
distribution and can therefore be used for small finite populations with non-
parametric properties; 
• exploration is possible without a “true” model; and 
• good prediction/prognosis is possible. 
PLSR using one Y-variable is sometimes called PLS1 (as in R from SPLUS, SAS Institute) 
and when more than one Y-variable is modelled it is called PLS2. Naes et al. (2002) provide a 
good explanation to PLS and multivariate analysis of quality in general but PLS2 is not 
described and no references to the use of PLS2 has been encountered in the hyperspectral 
research literature. 
Modified Partial Least Squares (MPLS) is sometimes the name given to more recent versions 
of PLS since these differ in a few ways from the original PLS algorithm but Martens and Naes 
(1989) is usually referenced as a source in the research literature for both PLS and MPLS 
(Gordon et al. 1998; Park et al. 1998). 
The successful use of PLS can be exemplified by Gordon et al. (1998), who using MPLS with 
NIRS, found that similar digestibility prediction results could be achieved for grass silage as 
for dried samples and Schut et al. (2005b) found PLS regression suitable for evaluation of 
relationships between spectral data and mineral concentration and feeding value of grass 
swards. 
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Ollinger et al. (2002) used PLS regression successfully to relate AVIRIS hyperspectral data to 
foliage chemistry data for a wide range of forest species plots in the White Mountains of New 
Hampshire. Image data (2x2 pixel averages) were transformed to absorbance and a first order 
derivative applied prior to analysis. A related study by Coops et al. (2003) found PLSR useful 
for developing models for prediction of Eucalypt foliage biochemicals based on wavelength 
regions with good physical relationships to known wavelengths of absorption in AVIRIS and 
Hyperion canopy spectra as did Dury et al. (2000) and Huang, Z et al. (2002) using HyMap 
spectra with improved results from isolation and enhancement of critical absorption feature 
regions. The main critique directed towards the use of PLSR is the apparent lack of direct 
physical and analytical basis as well as limited statistical explanation (Helland 2001) and has 
mainly come from the pure mathematical/statistical field. 
In recent years another analytical method has shown potential, namely the use of coefficients 
or scores from wavelet transformations of hyperspectral data in multivariate analysis. A 
summary in Blackburn (2007) outlines the main advantages. Ferwerda and Jones (2005) 
showed that bootstrapped phased regression using wavelet coefficients of in situ ASD 
derivative spectra performed comparatively better than PLSR with absolute reflectance and 
derivative spectra for prediction of several levels of foliar nitrogen content of wheat canopies. 
The authors recommended further study to evaluate the approach for use with imaging 
spectrometer data that are subject to mixed signals, canopy shading and varying canopy 
architecture.  
Method selection and comparison of model performance  
Approaches to model development and testing vary between researchers. Some use prediction 
testing and divide their data sets into training and test samples (usually approximately 1/3 to 
2/3 respectively, but others use various number of groups or segments, e.g. Park et al. (1998) 
who used eight groups of 17 samples). Bolster et al. (1996) used prediction testing by holding 
back one third of samples from the available calibration data for testing and calibration 
equations were used for prediction of similar data but from different sites.  
Full cross validation ‘leave-one-out’ has been used to compare models and mathematical 
treatment performance (Aber & Martin 1995; Gordon et al. 1998; Huang, Z et al. 2002; Park 
et al. 1999; Park et al. 1998). This is a method where each sample is iteratively withheld from 
the calculation and used for prediction and the calibration equations and prediction results are 
based on the average of all calculation iterations. Sometimes full cross validation is used on a 
training set to establish a model which is then used on an independent test set for validation 
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(Kooistra et al. 2003), similarly Epema et al. (2003) used 70 field spectra samples for the 
training set and 35 samples for testing. Leave-one-out-cross validation was here used to 
determine the optimum number of factors to be used for prediction model. Schut (2006) used 
full cross validation ‘leave-one-out’ rather than using test set validation by dividing the data 
into calibration and validation sets. The reason given is that the former is repeatable and the 
latter just produces different RMSEP each but with enough permutations the data will be 
normally distributed and there is no way to determine which division into calibration and 
validation should be used. However, recommendation for an optimal approach is to use three 
data sets, one for cross validation to determine the number of factors, one to derive the 
calibration equation and one for prediction to test the calibration equation (Martens & Naes 
1989; Naes et al. 2002). This understandably requires a large number of samples to ensure the 
desired range is covered by all sets. Hence when the number of samples is limited full cross 
validation ‘leave-one-out’ is a an appropriate way of ascertaining predictive capacity. 
A number of authors have reported comparisons between methods using regression results 
from spectral data and vegetation biochemicals with varying results. Bolster et al. (1996) 
showed that consistently better goodness of fit statistics resulted from PLSR compared to 
SMLR in their large assessment of foliar nitrogen, lignin and cellulose concentration from a 
number of studies and that wavelengths identified with PLSR were more consistent with those 
derived from univariate regression. In contrast, Schlerf et al. (2003) found SMLR provided 
better prediction results of chlorophyll content than both PLSR and LIBERTY modelling of 
Norwegian Spruce needles and ASD spectra resampled to HyMap resolution, whereas a study 
by Danieli et al. (2004) using NIRS to predict quality attributes from dried and ground forage 
samples showed MLR models produced better results for CP, NDF, ADF and PLSR models 
for crude fibre, ADL, Ash. Huang, Z et al. (2004) showed in a study comparing SMLR, PLSR 
and ANN (artificial neural network) to determine the strength of association between eucalypt 
foliage and nitrogen concentration that the best performing method varied depending on the 
spectral enhancement applied.  
Selection of one method or model over another must therefore include experience of others, 
trial and error, and some common sense. Calibration or prediction equations with fewer 
variables are usually more stable. If a good but not best model makes more sense from a 
variable selection point of view in relation to its correspondence with bio-chemical absorption 
features etc it should be used preferentially (Naes et al. 2002). As pointed out computers don’t 
always know best. In PLSR it is for example better to have fewer factors with loadings 
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corresponding to some known aspect of the attribute than more factors that are not 
explainable.  
What makes a good model is generally considered a model that works well for predicting new 
and unknown samples. Particularly in applied research this is not always possible to achieve 
when the number of samples available is low. Other aspects like low values of calibration and 
prediction errors with little difference between the two can indicate a good working model 
(Huang, J-F & Apan 2006) as can values of ratios between the mean or standard deviation of 
the predictor variable to the error. However, what constitutes little or much is never defined 
and becomes somewhat ambiguous. In addition, the effect of using relative errors based on 
parametric statistics such as sample mean and standard deviation has an assumption of normal 
distribution of the samples which is not always the case and is rarely reported. 
Goodness of fit and relative errors 
How to determine when a model is actually significantly better than any other can be difficult. 
Models usually have to be very different for the difference to be significant (Naes et al. 2002) 
and to determine the significance of various regression equations the independence of samples 
need to be established and the degrees of freedom between the spectral variables used need to 
be determined, which given the unknown collinearity can be problematic (Johnson et al. 
1994).  
There are no apparent standards as to the format for the reporting of the usage of regression 
methods and results such as recommended output statistics or nomenclature. The way 
regression results are reported seems to often be related to what the actual software producing 
the results provide and this is understandably hard to avoid. In addition, with different 
disciplines such as geological and ecological sciences, chemometrics and 
mathematics/statistics converging in the field of hyperspectral remote sensing the style of 
reporting will be depend on traditions.  
Using two or three types of output statistics to assess model performance and visualise 
relationships is common: 
• goodness of fit of calibration and prediction equations;  
• an error estimate and the error estimate related to the variation or mean of the 
response variable; or 
• plots of different aspects of the statistics are used to visualise results. 
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Correlation R or the coefficient of determination R2 is often provided as a measure of 
goodness of fit for the calibration and prediction equations developed in order to compare 
between the two and between data sets and data treatments. R and R2 should preferably not be 
reported on their own as there is a danger of over emphasising these results when they are to a 
certain extent dependent on the range of data in the experiment (Naes et al. 2002) and will 
change if the test range changes. Hence, it is common to also report the RMSEP (root mean 
square error of prediction) or the SEP (standard deviation of the predicted residuals, or 
standard error of prediction) and bias (Naes et al. 2002). Instead of or together with goodness 
of fit statistics R or R2, a PLS statistic 1–VR (1-Variance Ratio), is used by some for 
comparison between models (Bolster et al. 1996; Dury & Turner 2001; Park et al. 1999) and 
is often equalled to R2 for a ‘cross validated’ calibration equation. Another goodness of fit 
statistic used is Q2, which is the “percentage of variation accounted for by the cross validated 
model… with regard to the total variation in the dataset” (Clevers et al. 2005), and which can 
become negative if the equation is overfitted. 
In the absence of standardised ways of assessing model performance informal relative errors 
in the form of coefficients of variation (CV) using various ratio statistics are used for 
comparisons. They take into account the inherent variation of the samples used to derive the 
prediction model and facilitate comparison between data sets with different number of 
samples as well as enabling comparisons between variables for example various 
biochemicals. Examples are SEP/mean or mean/SEP, RMSEP/mean, SEP/SD (standard 
deviation) or SD/SEP and RMSEP/SD, etc. A CV based on SD/RMSECV greater than 2.5 has 
been reported as indicating models with good qualitative predictive capacity and above 3.0 
providing potential for quantitative estimates (Park et al. 1998). However, the basis for the 
calculation of reported CV is not always provided or clear (Dury & Turner 2001; Smith, M-L 
et al. 2003).  
The research papers reviewed show a certain trend towards better results from SMLR than 
PLSR as well as conclusions that various mathematical treatments can improve the spectral 
sensitivity to biochemical variations. It also suggests that the likelihood of there being one 
single method that is better performing in all circumstances is low. As Naes et al. (2002) point 
out “…we don’t necessarily need the best solution, we only need a good one.”, which 
provides a solid and positive platform for research into using hyperspectral data to estimate 
pasture quality. 
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2.5.4 Accuracy and uncertainty in remote sensing and spectral analysis 
The level of precision1 and accuracy2 of results and their inherent uncertainty determine the 
useability of the methods and models developed for real life applications. When the remote 
sensing user community are provided with products not properly defined, such as the 
illumination conditions of the reflectance in for example, ‘surface reflectance’, it can lead to 
misinterpretations and increased uncertainties (Schaepman-Strub et al. 2005). 
When relating spectral data to vegetation biochemicals many uncertainties stem from widely 
diverse sources such as atmosphere, spectrometer idiosyncrasies, sampling methods, 
environmental variation, precision of recording of locations, laboratory methods, and human 
blunders. Some are known and can partly be corrected for (e.g. atmosphere, detector 
anomalies), some are perhaps known to exist even if not quite quantifiable (e.g. effect of 
topography) and some are suspected (local atmospheric variations, location errors) and others 
not even known until results show anomalies (sample omissions, mix-ups, recording errors).  
In spectral data analysis there is a need to separate the signal from the noise. Use of a so 
called ‘base line data set’, can be a way to test inherent patterns in the data that can be 
attributed to noise (Card et al. 1988; Faber & Rajkó 2006). 
A problem originating in our measurements of spectral data and biochemical assays is that 
sometimes the so called ‘ground truth’ is far from reliable. As pointed out in an online remote 
sensing lecture. 
Linear regression assumes that we know the independent variable (i.e. 
we don’t take into account error in our estimate of the independent 
variable). This is problematic in that we often treat ground 
measurements as independent variables and RS data as dependent 
variables. Our uncertainty levels for ground based measurements are 
often much greater than the uncertainty levels from RS data. (Ustin 
2003) 
This is a pertinent problem related to accuracy. The accuracy of a measurement method is its 
faithfulness, i.e. how close the measured value is to the actual value. However, usually our 
actual values are also measures or estimates of the actual value with known and unknown 
errors and levels of precision.  
                                               
1
 closeness of replicated measures  
2
 high precision and closeness to the true value 
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‘Accuracy is associated with the concepts of bias or systematic error 
in measurement and is influenced by the procedure of taking 
measurements or the instrument of measure itself. While precision 
increases with larger sample sizes accuracy does not necessarily 
follow in suit.’ (Ustin 2003) 
Whether for example an instrument error needs to be taken into account depends on the 
application of the results (Kearney 2004). For example, if you compare the cellulose content 
of two samples from the same site/batch then the laboratory measurement of accuracy is 
needed. However, if two sites with several or more samples from each are compared, this 
measurement is not needed. This is because the variance associated with the comparison 
comprises the error due to sample plus the error due to the measurement of these samples, the 
laboratory measurements. Given the number of different sources of potential errors of the data 
used for remote sensing analysis, an assessment of error propagation through the analysis 
steps can become difficult. 
In PLSR precision and accuracy are determined by several result statistics; precision is given 
by SEP for repeat measures, accuracy given by RMSEP for distance of predicted to actual 
(Naes et al. 2002). Relative errors (RE) or coefficients of variation, CVs can provide 
indication of the practical implication of results and facilitates comparison of results for 
attributes with different units. CVs can give an idea of the practical implication of the results 
as it gives a possibility to estimate the truth within a certain range, depending of the levels of 
the data. For example a ratio of the standard deviation to the RMSEP (root means square error 
of prediction) above 2.5, has been reported in laboratory spectroscopy to indicate that a model 
would be adequate for quality screening purposes and above 3.0 for quantitative analysis 
(Park et al. 1998; Schut 2006).  
The other issue of specific importance to imaging spectrometer data is, like for all spatial data, 
the accuracy of the recording of the sampling location. In addition, there is the accuracy of the 
registration of imagery to real world coordinates. Congalton (1991), who used assessment 
techniques developed for GIS on remotely sensed data, identified the need for more research 
to be able to trust results from especially quantitative analysis and highlighted the importance 
of appropriate sampling strategies including using sample sizes and sampling schemes 
relevant to the spatial resolution. Aspinall (2002) also identified the need for more research 
into scale dependent issues and uncertainty including new methods for accuracy assessments, 
specifically in relation to hyperspectral imagery analysis.  
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2.6 Spectrometry of pastures 
This section reviews and discusses some of the spectrometer based research that have been 
reported that relate to studies of biophysical parameters and biochemical parameters in 
grasslands and pastures captured by spectrometers in sit, as well as some studies involving 
airborne and satellite hyperspectral research in order to highlight the need for further research. 
A range of studies from grasslands and pastures have successfully estimated parameters of 
ecosystem function such as biomass, fAPAR and water content using multispectral scanners 
(Bartlett et al. 1989; Di Bella et al. 2004a; Wylie et al. 1991), but also management related 
issues such as fertiliser requirements (Vickery et al. 1980). Meteorological data and estimates 
from multispectral remote sensing have in the last decade started to be able to provide regular 
information about the quantity of available feed (FOO) and growth rates for prediction to 
interested farmers on Western Australia (Edirisinghe et al. 2002; Edirisinghe et al. 2000; Hill, 
MJ et al. 1998). Hill, MJ et al. (1998) highlighted that derivation of biophysical pasture 
properties using remote sensing is needed for application of precision management in grazing 
systems, because measurements of, for example biomass by harvesters is not normally 
performed. More recently, pasture spectral reflectance measurements and vegetation indices 
derived from a ground based multispectral scanner with a specific sampling scheme to cover 
inherent variability and kriging/cokriging interpolation procedures produced useful 
information for assessment of productivity and composition of pastures in Iowa, USA (Tarr et 
al. 2005).  
One of the first researchers to show good correlation between specific spectral regions (red 
and near-infrared) in grass canopy spectra with leaf water content and total dry biomass was 
Tucker (1977) who used a mobile spectrometer laboratory to capture spectral data over a 
grassland canopy. Since the late 1990’s some spectrometer based research of pasture 
biochemicals have been emerging. Garcia-Ciudad et al. (1999) estimated nitrogen content in 
semi-arid grassland grasses using NIRS of dried plant material. The authors demonstrated 
relatively good results using calibration equation from one year to predict samples from other 
years. Lamb et al. (2002) used a two layer canopy model to estimate chlorophyll and nitrogen 
in ryegrass in NZ and demonstrated relationship between spectral features in the red edge and 
LAI.  
An innovative approach to assessment of pasture sward parameters involving a spectrometer 
set up was developed by Schut et al. (2002). Reflectance was recorded over the 404–1650 nm 
region by three sensors in image lines at sub leaf resolution using artificial light. This setup 
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was initially used to show good potential for characterization of canopy structure (height and 
leaf angle) based on reflection intensity prediction and determination of ground cover, i.e. 
proportion of green leaves, dead leaves, specular leaves and soils of Ryegrass mini-swards 
grown in containers. Subsequently it was used for assessment of other parameters including 
dry matter yield and quality (sward damage) (Schut & Ketelaars 2003a), early detection of 
nitrogen deficiency (Schut & Ketelaars 2003b), monitoring of ground cover changes and yield 
(Schut & Ketelaars 2003c). These results provide much needed insights into the spectral 
changes in the VNIR over the growing season and effects of biophysical properties. The 
experiments formed the basis for the construction of a mobile sensor system (Imspectro 
Mobile) which was used to assess the relationship between in situ spectral characteristics and 
parameters related to DM yield, nutrient content and pasture quality of two types of grass 
swards in the Netherlands (Schut et al. 2005a). Low prediction errors were obtained for N, 
fibres and digestibility for a heterogeneous sward on peat soil and for DM yield, crude fibre 
and N for Ryegrass swards, indicating that close range imaging spectrometry has potential to 
provide reliable and accurate estimates of temperate pasture variables. Another example is the 
work of Schut et al. (2006b) using the Imspector Mobile to measure ‘subleaf’ level 
reflectance of perennial ryegrass swards in the Netherlands. Predictions of nutrient content 
produced relative errors to the mean of 6–12% for N, P and K, for crude fibre, NDF, ADF and 
digestibility the relative error range was 3–5%. 
The success in determining foliar sodium concentrations in different grass species for 
understanding of wildlife feeding patterns was more limited, but the results showed 
significant spectral differences between low and medium classes of sodium which could still 
be useful (Mutanga et al. 2004a). Nitrogen and mineral content (P, K, Ca, Mg) in five grass 
species were estimated from in situ spectral measurements with a wide range of accuracies 
based on R2 values (0.23–0.70) from modified linear regression techniques. In situ 
determination of tannins in Mopane leaves from natural grasslands also in South Africa 
yielded promising results despite overlapping absorption features when innovative analysis 
techniques were used (Ferwerda 2005). 
In situ spectrometry (GER 3700) of a diverse set of pasture and crop plants (n=35) from three 
times was correlated with laboratory determined N content and in vitro DMD with high r2 
values (N 0.870–0.995 and digestibility 0.890–0.997, with overall r2 of 0.807 and 0.571 
respectively) resulting from a multi-linear regression model (Edirisinghe et al. 2004). These 
very high r2, (compared to those of other authors mentioned above), are promising but as no 
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further details of data ranges and prediction errors were provided, and since r2 values can be 
sensitive to data set variation, further assessment of the results could not be made.  
With the advent of airborne hyperspectral sensors several studies have focused on relating 
vegetation parameters of grasslands to the spectral data to assess spatial patterns. For 
example, Gamon et al. (1993) derived fine-scale landscape patterns related to topography, soil 
and vegetation of an annual grassland in the US from AVIRIS data. A study comparing 
AVIRIS data and field spectra for the identification of bio-geophysical properties and 
proportions PV, NPV and soil to assess effects of long term grazing on rangeland ecosystems 
in Utah, USA, showed good correspondence between the two spectral capture levels (Harris, 
AT et al. 2003). CASI data were compared to in situ spectrometer spectra for discrimination 
of African grass species which was successful for some species based on identification of 
statistically different regions of the spectrum (Schmidt & Skidmore 2001). 
A study into the usefulness of imaging spectrometry for agricultural applications using 
AVIRIS data over dissimilar crops such as beet, potato, winter wheat and bare soils reported 
that the only biochemical out of chlorophyll, lignin and cellulose possible to discern was 
chlorophyll because of the relationship to strong absorption in VNIR (Clevers 1999). The 
authors deduced that leaf water absorption and cell structure dominated reflectance in the 
available SWIR region obscuring any biochemicals and hence that it is mainly the VNIR and 
red edge that holds promise for agricultural applications. However, noise obscured the EMR 
region beyond 1830 nm and potentially the principal component analysis applied did not do 
the spectral data justice because of the high band correlation. In addition, the lack of 
atmospheric correction could have degraded the result.  
In contrast, other studies have demonstrated the usefulness of the SWIR wavelengths in 
spectrometer data. Dehaan and Taylor (2003) mapped vegetation indicator species of salinity 
with promising results in cultivated mixed Ryegrass and clover pasture near the Murray River 
in northern Victoria using HyMap data where absorption features at 2000 nm, 2040 nm, 2200 
nm and 2290 nm were important for discrimination. Wavelengths in the SWIR at 2239–2372 
related to oil/wax absorption were shown to be essential for mapping of South Australian arid 
vegetation associations using HyMap data (Lewis 2002) and 2100 nm cellulose feature and 
2200 hydroxyl feature were shown to be valuable for mapping stubble content of fallow 
paddocks in NSW, Australia (Taylor et al. 2006).  
Recent Southern Australian environmental studies have utilised imaging spectrometer data to 
map surface symptoms of dryland salinity in areas dominated by pastures (Dutkiewicz & 
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Lewis 2006b; Dutkiewicz et al. 2006). One study specifically analysed spectra collected with 
an ASD Fieldspec Pro and the results showed that hyperspectral instruments covering both the 
NIR and SWIR spectral regions (e.g. HyMap and Hyperion) can potentially be used to map 
and discriminate between sea barley grass (an indicator of emerging salinity) and other annual 
pasture grasses during spring senescence (Dutkiewicz & Lewis 2006a). 
Hence, the VNIR region can also be considered important for grassland/pasture spectrometer 
studies. For example HyMap red edge parameters were successfully used to determine fresh 
grass/herb biomass in Italian grasslands (Cho et al. 2006). Foliar chemistry was assessed with 
both AVIRIS data of inundated rice canopies and laboratory NIR spectroscopy estimates of 
dried, ground samples (LaCapra et al. 1996). This study showed that different wavelengths 
were selected although some were in common between the two spectral data sets such as 700 
nm and 760 nm. Results from regression of AVIRIS spectra and N and lignin assays showed 
promising results for N calibration equations from four rice fields (r2 0.69–0.85 and relative 
standard errors of 8.4%–11%) while lignin predictions yielded limited correlation possibly 
because of a very limited lignin range in the samples. Regression of ASD and HyMap data 
versus N content of winter wheat in Germany showed best results when using both the VNIR 
and the SWIR wavelengths as opposed to only one or the other (Erasmi & Kappas 2003). The 
spatial distribution of biomass levels and nitrogen content in tropical savannah grasses in 
Africa have been determined from hyperspectral data (HyMap imagery) using novel analysis 
approaches based on modified spectroscopy techniques which highlighted the usefulness of 
wavelengths in the SWIR (Mutanga & Skidmore 2003, 2004) but also VIS and red edge only 
using in situ spectrometer data and pasture quality parameters such as N, P, K, CA and Mg 
(Mutanga et al. 2005). 
There has been a few crop related studies involving satellite based spectrometry. Successful 
identification of sugar cane crops severely affected by orange rust in Queensland, Australia, 
using a number of narrow-band indices derived from Hyperion imagery has been reported 
(Apan et al. 2004). Another study showed that five sugar cane varieties could be 
discriminated with Hyperion imagery using a hierarchical classification scheme and multiple 
discrimination analysis based on reflectance levels, indices, ase well as the depth of several 
SWIR and NIR absorption features (Galvao et al. 2005). Rather high accuracies for the 
identification of three tillage intensity classes with varying levels of stubble were achieved 
over corn and soybean fields in Iowa, USA using CAI index derived from Hyperion imagery 
(Daughtry et al. 2006) indicate useful sensitivity of the SWIR region of the sensor.  
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Research utilising spectrometry to derive information about grasslands and pastures has 
largely concentrated on biophysical parameters such as biomass. The use of spectrometers to 
estimate biochemicals of grasslands/pastures and especially temperate pastures has been 
somewhat limited, especially compared to studies involving forest ecosystems. The reason for 
this is unclear but the existence of established procedures within agronomy and pasture 
management for feed-testing and the need for fast results for decision making may have 
perhaps slowed the development and uptake of field or remote spectrometer-based methods 
for estimating pasture quality attributes. The use of airborne (or space borne) spectrometers 
has not been extended to assessment of temperate pasture quality parameters to my 
knowledge. This could be identified as a gap in the current knowledge and given that other 
vegetation parameters have been succesfylly derived using spectrometer data from different 
capture levels there should be potential to derive useful information also for feedbase and 
carbon cycling applications. 
2.7 Summary and introduction to research 
Temperate pastures are of high economic importance to the Australian community and cover 
large tracts of land. Research has shown that there is room for management improvement of 
pastures in Southern Australia’s high rainfall zone and these can therefore have substantial 
effect on the Australian economy and welfare. Data on C and N in temperate pastures have 
potential to improve models on cycling of these elements and scaling to regional and global 
scales. Hence, both the temperate grazing industry and carbon/nitrogen modellers require 
spatial data on pasture quality related parameters.  
Spatial data on pasture quality could help reduce unnecessary application of fertiliser and the 
environmental impact of excess in streams and waterways. The general sustainability of 
temperate grazing enterprises can thus be increased by spatial pasture quality data. Currently 
there are no readily available methods to produce maps of the distribution of temperate 
pasture quality related parameters.  
The somewhat varying definitions of pasture quality indicate the complexity of the many 
factors and components that influence the success of feed based animal enterprises. However, 
a number of attributes of pasture quality have been highlighted as important and some of 
them, such as protein, digestibility and fibre fractions linked to carbon, are likely to be 
resolvable in hyperspectral data because of their biochemical absorption properties. 
The success of NIRS analysis of feed constituents coupled with the emerging availability of 
new hyperspectral sensor with similar spectral resolution to NIRS instrument and appropriate 
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spatial resolutions makes it pertinent to extend research form the laboratory to synoptic data 
from airborne and satellite capture levels. In addition, in situ spectrometer data of live 
standing pasture canopies have the potential to provide detailed spectral data to aid in 
interpretation of relevant absorption features at canopy level but with more limited effects 
from varying atmospheric conditions. 
Results from hyperspectral applications in forestry and cropping support the notion that with 
suitable methods, it should be possible to predict different levels of biochemicals and 
attributes of temperate pastures including variations within and between paddocks.  
The likely interaction between the spatial, spectral, radiometric and temporal domains have 
been highlighted by research results using spectrometry data but further data from practical 
applications are needed. Hence it is valid and important to seek methods and models to 
describe the relationship between spectral pasture data and pasture quality attributes and aim 
for methods that are relatively simple and available to members of the community involved in 
the task of improving sustainability of temperate pasture ventures including reduction of 
undesirable environmental effects. 
Web based systems have been developed for delivery of necessary parameters derived from 
remote sensing to farm based GIS systems and could potentially also be utilised and enhanced 
to include pasture quality parameters. Developing methods to remotely estimate pasture 
quality attributes has been reported as the next logical step after developing farm systems to 
estimate biomass and growth rates (Edirisinghe et al. 2004). 
The research presented in this thesis assesses the potential to use spectrometer data captured 
by in situ, airborne and satellite based spectrometers to estimate temperate pasture quality 
attributes and evaluates empirically based analysis in use in laboratory spectroscopy for use 
on spectrometer data captured in a largely uncontrolled environment. It is based on the 
following important points derived from the review of current research: 
• There has been no research involving use of spectrometer data reported for 
Victorian temperate pastures used for grazing of sheep, beef and dairy cattle 
• The potential to map temperate pasture digestibility has only been investigated 
to a limited degree and research into using hyperspectral data for this purpose 
has to date received little attention. Spectrometry based estimates of cellulose 
and lignin in pastures could provide estimates of carbon stocks in standing 
pasture at the end of the season with potential for inclusion into the soil as 
sinks. 
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• Much research has involved assessing biochemicals in dry ground, dry and 
fresh whole leaves of different plants and increasingly in situ canopies but the 
understanding of how well these results translate to airborne and satellite level 
spectra needs more work. Comparison of ASD, HyMap and Hyperion spectra 
for determination of pasture quality attributes could therefore provide insight 
into scaling issues related to pasture quality mapping.  
• Success in using HyMap spectral data to map quality attributes of tropical 
grasses is encouraging for research covering temperate pastures 
• Potential of Hyperion imagery for charting grass or pasture quality attributes 
has not been explored to date although the spectral resolution of Hyperion data 
has showed potential for resolve of vegetation attributes 
• Mathematical enhancement of spectral signals such as calculations of 
logarithms, derivatives, and application of continuum removal, need to be 
tested as they have been shown to enhance relationships between spectral and 
vegetation biophysical and biochemical parameters and to reduce effects of 
variations in biomass, water and canopy structure in diverse spectra. 
• Empirical analysis involving multi linear regression (e.g. SMLR) and bi-linear 
modelling (e.g. PLSR) have shown promise for exploration of spectral 
relationships and testing of model predictive capacity and can be used for 
comparison with results from other researchers. 
• The naturally occurring diversity of pastures need to be represented in samples 
to develop usable calibration equations for predicting and mapping of pasture 
quality attributes. However, the diversity of temperate pastures will make 
special demands on prediction models based on spectral data and may require 
modification of methods for different types based on for example species 
composition and litter content. 
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CHAPTER 3  
PASTURE SAMPLING: VARIABILITY OF QUALITY ATTRIBUTES 
3.1 Introduction 
This chapter addresses the last part of task one supporting the research aim: ‘Investigate the 
influence of spectrometer data capture method and scales on the capacity to resolve 
temperate pasture quality attributes from temperate pasture canopies, including differences 
between attributes’ by providing context for the data from the pasture sampling.  
It includes characteristics of the study sites, collection methods and descriptive statistics that 
highlight the variation in the pasture sample assays. Figure 13 gives a overview of the content 
of the chapter including the approach for collation and analysis of the field samples. 
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Figure 13 Flow diagram of Chapter 3 ground-based pasture sample capture and exploration approach. 
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Firstly, the Australian temperate pastures with emphasis on Victoria and the study sites are 
introduced (3.2). The chapter continues by outlining the process undertaken during the field 
missions to collect the pasture samples (3.3.1) and the sample treatment such as drying and 
grinding applied before analysis. The methods used to derive the pasture quality attributes are 
then described (3.3.2–3.3.5.) and include chlorophyll analysis, water content analysis, NIRS 
analysis for crude protein and digestibility, and chemical fibre analysis for lignin and 
cellulose. 
A matrix of bio-physical variables and collection characteristics were derived from the 
pasture sample descriptions to capture inherent groupings with potential effect on analysis 
relationships with spectral data (3.4). Discriminant analysis was undertaken to investigate 
whether there were any significant relationships between the matrix values and the pasture 
canopy attribute data. 
Differences between the attributes and the sample combinations between sites and data 
capture times are highlighted by statistically analysing the assay results (3.5). The descriptive 
statistics also clarified the limitations of and gaps in the pasture sample data sets from a range 
of perspectives. 
The chapter concludes by summarising the final selection of attributes and samples used for 
subsequent statistical regression analysis with field spectra in CHAPTER 6 and image spectra 
in CHAPTER 5 as well as the reasons for the selection and issues relating to the pasture 
sample collection process. 
3.2 Victorian pastures in the high rainfall zone: The study sites 
Pastures are extensive in the state of Victoria and Australia and are very important for the 
national economy (section 2.2). The specific economical importance of temperate pastures to 
Victoria is high. In the 1980’s these pastures contributed 20% of Australia’s dairy production 
(Ward & Quigley 1992). They supported 59.2 million sheep and lambs, 7.3 million cattle, and 
produced 253.2 kilo tons of wool in 1998 (Sanford et al. 2003). Today, the grazing of sheep 
and cattle takes up 65% of the land and the products milk, meat and wool are worth $1.2 
billion (Arnold 2006). Most of this grazing land is located in the high rainfall zone (HRZ) 
with an annual average rainfall exceeding 600 mm (Figure 14) and it is commonly referred to 
as temperate pastures.  
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Figure 14 Map showing areas on Victoria with annual rainfall exceeding 600 mm, the high rainfall zone (HRZ) 
that supports growing of temperate pastures. 
However, the temperate pastures in Victoria are currently managed with different degrees of 
sophistication, resulting in opportunities for improvement. Furthermore, modelling of 
potential adaptation zones for various pasture species based on climate layers derived from 
estimates of temperature and aridity thresholds showed that the area currently covered by 
temperate pastures could be extended (Hill, MJ 1996). 
3.2.1 The study sites – characteristics of the researched pastures 
The study sites are all located in the HRZ and the general climate for all the study sites 
according to a few different classification systems is described as “temperate/no dry season 
(warm summer)” – Köppen classification system, “Warm summer, cold winter” – Australian 
climatic zones based on temperature and humidity, “Winter (wet summer and low winter 
rainfall)” – Major seasonal rainfall zones of Australia (BOM Bureau of Meteorology 2006). 
The general location of the research sites in Victoria is shown in Figure 15. The two main 
study sites all lie south of the Great Dividing Range, in the South West close to Hamilton and 
at Vasey, and in Central Gippsland close to Ellinbank. The pastures included in the research 
are of mixed composition and used for grazing of sheep, beef and dairy cows.  
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Figure 15 The location of the two main sampling sites at Hamilton (green star) and Warragul (red star) in the 
State of Victoria. This map incorporates data that is: © Commonwealth of Australia (AUSLIG) 2001.  
At the time of imaging and sampling the sites were all managed by the Primary Industries 
Victoria (PIRVic), a Victorian State Government Agency. Due to the later re-structure of the 
Victorian Department of Environment and Natural Resources (DNRE), two of the study sites 
have since changed names, Pastoral and Veterinary Institute (PVI) and Ellinbank Dairy 
Research Institute. These two research centres were in 2006 called PIRVic Hamilton Research 
Centre and PIRVic Ellinbank Research Centre. The former is referred to as the ‘PVI’ and the 
latter as ‘Ellinbank’ throughout the thesis.  
The Hamilton sampling sites are located ~290 km west of Melbourne and 20 km south of 
Hamilton in South West Victoria, mainly within the boundaries of the PVI farm of ~930 
hectares. The main site chosen for the research was the Long-term Phosphate Experiment 
(LTPE). Some pasture sampling was also done <500 metres west of the PVI in privately 
owned paddocks because of the orientation of the HyMap image captured in December 2000 
(see section 5.2.3). The paddocks sampled and imaged in 2002 consisted of paddocks that 
were all located within the PVI farm boundaries. 
The Vasey sampling sites are located 35 km north of Hamilton, just off the Cavendish-
Coleraine road within a property called “Dundas Park”, a privately owned sheep farm who 
took part in a collaborative pasture research project with the DPI from 1996–2002 as part of 
the national research project Sustainable Grazing Systems (SGS). This site is in research 
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literature sometimes also referred to as the ‘Balmoral’ site. In this research it is referred to as 
‘Vasey’. 
The Ellinbank sampling sites are located in Central Gippsland, 100 km east of Melbourne and 
20 km south of Warragul, within the PIRVic research station, Ellinbank.  
The pastures at the study sites show considerable variation. They vary by type and the 
dominant species of each type differ depending on environmental conditions and management 
practices. The three general types of pasture within the study sites are ‘dominated by desirable 
pasture species, ‘unimproved’ dominated by less desirable volunteer perennial and annual 
species and ‘native’ dominated by one or two native species.  
The common and scientific names for the occurring pasture species are listed in Table 4 
together with the type of pasture they usually indicate. Broad leafed weeds occur to a certain 
extent in most pastures but are usually more prevalent in disturbed areas such as animal 
camps. Examples include flatweed, capeweed, sorrel, docks and different thistles. Some grass 
species such as silver grass and barley grasses are sometimes considered weeds from a pasture 
management point of view and are not desirable in improved pastures.  
Table 4 The most common pasture species occurring at the study sites listed in alphabetical order of scientific 
name. (Collated from the descriptions of the pasture samples.) 
Pasture species Scientific name I-Improved 
U-Unimproved 
N-Native 
Weeds 
Blowngrass Agrostis avenacea U  
Bent grass Agrostis capillaris U  
Meadow foxtail Alopecurus pratensis U  
Sweet vernal Anthoxanthum odoratum U  
Capeweed Arctotheca calendula U x 
Brome grass Bromus spp. U  
Thistles Cardus spp. I/U, disturbed areas x 
Mediterranean Barley grass Critesion hystrix U  
Rough dogstail Cynosurus echinatus U  
Cocksfoot Dactylis glomerata I  
Wallaby grass Astrodanthonia/Danthonia spp. N  
Tall fescue Festuca arundinacea I  
Yorkshire fog/fog grass Holcus lanatus U  
Barley grass Hordeum leporinum U  
Flatweed Hypochoeris radicata  x 
Perennial ryegrass Lolium perenne I  
Annual ryegrass Lolium rigidum U/I  
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Pasture species Scientific name I-Improved 
U-Unimproved 
N-Native 
Weeds 
Plantain Plantago lanceolata I  
Onion grass Romulea rosea var. australis U x 
Sorrel Rumex acetosella  x 
Docks Rumex spp.  x 
Kangaroo grass Themeda australis N  
Sub clover Trifolium brachycalycinum I  
Strawberry clover Trifolium fragiferum I  
White clover Trifolium repens I  
Silver grass/Squirrel-tail Fescue Vulpia bromoides U  
 
The following sections describe and discuss properties of the sites relevant to the study while 
drawing on other publications. It also outlines the reasons for the choice of pasture attributes 
and samples used in this study. 
 
Figure 16 View from the south across the paddocks towards the PVI research centre (January 2002). 
3.2.2 The PVI farm 
The sampling sites at the PVI farm (Figure 16) are located at ~37º82’S, 142º06’E with an 
elevation range between 180–220 metres above sea level (asl), i.e. 40 metres. Flat volcanic 
plains dominate the region (the bioregion is Victorian Volcanic Plain). These plains are also 
known as the Western Districts and are part of the Glenelg-Hopkins River catchment. The 
mean annual rainfall, ~700 mm, is characterised by high winter rainfall from April to 
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November. Average annual temperature ranges from 4ºC–27ºC, with highest temperatures in 
January and February (Clark, S 2001). The PVI farm soils encompassing the sampling sites 
are dominated by gravely and clay loams (sodosols) in the western part, and humose, black 
and brown chromosols in the eastern part with humose hydrosols in level plain areas below 
the undulating rises (Imhof et al. 2001). A creek/drain runs along the boundary of the north 
western paddocks which are low lying and display characteristic species composition of 
wetter ground such as strawberry clover. 
The PVI farm consist of 200+ paddocks on 934 hectares (Figure 17). Sheep and beef cattle 
grazing is the main focus for the farm, including hay production and feed crops. Research is 
conducted on many aspects of farm management, such as improved genotypes and treatment 
of feed sources, management practices and livestock development (Department of Primary 
Industries 2003). 
 
Figure 17 Paddock layout of PVI farm, Hamilton on a Hyperion image (January 2002). 
The paddocks of the PVI farm vary in size and the pasture composition differ greatly from 
highly improved pure ryegrass pastures to unimproved pastures dominated by annuals such as 
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silvergrass and barley grass. A few paddocks are dominated by native species and are 
managed as such to provide comparison with more traditionally sown types and management 
techniques. Both sheep and beef cattle graze the paddocks and some paddocks are used for 
fodder crops and scientific research of varying kinds. 
3.2.3 Hamilton, Long Term Phosphate Experiment (LTPE) 
The LTPE site location is 37º49’S, 142º04’E and the altitude range within the study area was, 
196–200.5 metres asl, i.e. a 4.5 metre range and Figure 18 shows a photo a typical verdant 
November view. 
 
Figure 18 Hamilton LTPE overview and paddock 12 (November 2000). 
The paddocks of the LTPE, a long term study of agricultural systems (>25 years) was 
specifically targeted for the spectrometer imaging because it is the only long-term fertilizer 
grazing experiment in southern Australia. This project has studied the effects of applying 
phosphorus fertiliser to soil with a low fertiliser history at varying stocking rates (Cayley et 
al. 1998; Cayley et al. 1999). The experiment has grown to include measurements of wool 
quality and sustainability measures to make sure that productivity increases do not damage the 
environment (Saul & Dark 1999).  
The LTPE was established on a 11.2 hectare paddock (PVI Paddock 65) of low fertility 
(Olsen P, 4 mg/kg) and divided into 18 smaller paddocks, ~125 metres long and 10–15 metres 
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wide (Figure 19). These paddocks have had six fertiliser regimes and four levels of grazing 
pressure applied as summarised in Table 76, Appendix B. Livestock kept in the paddocks are 
sheep (ewes, wethers, lambs). 
 
Figure 19 LTPE paddock layout on HyMap image (March 2001). 
The 18 paddocks show a wide range of pasture composition and quality. This difference and 
the resultant carrying capacity (5-23 ewes/ha) is indicative of pastures found on farms in 
southern Australia. The findings from LTPE study show that there is high potential to increase 
both productivity and profitability of wool production in South West Victoria by applying 
increased rates of phosphorus and other nutrients as required to perennial pastures with 
clovers and by increasing stocking rates (Trompf et al. 1998). The various treatments have 
resulted in large differences in pasture composition and quality as well as soil fertility and 
carbon content which in turn influence carrying capacity, animal production and methane 
production from livestock, nitrous oxide production and carbon sequestration in the soil.  
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3.2.4 Vasey 
The site location is 37º24’S, 141º55’E and Vasey is also situated in the Glenelg-Hopkins 
Catchment. Red Gum Woodland on undulating hills dominates the landscape around Vasey. 
Contour data made available by DPI staff (captured by Brayley and Hayes Pty Ltd in 1997) 
show a 12.4 m range in altitude over the study site (248.8–261.2 m). Duplex soils derived 
from basalt dominate at Vasey (Sanford et al. 2003). The mean annual rainfall is 625 mm 
with winter dominance (Clark, S 2001).  
The SGS at “Dundas Park”, Vasey, was started in 1996 and addressed issues of declining 
pasture productivity and sustainability in the grazing systems of southern Australia (Martin, 
MH et al. 2006) and Figure 20 provide a view of the general conditions in November 2000. 
 
Figure 20 Vasey view south towards Mt Dundas (November 2000). 
Sown pastures (phalaris and subterranean clover) were divided into eighteen paddocks with 
different treatments (Table 77, Appendix B). They were either rotationally or set stock grazed 
and several fertilizer regimes were applied. Comparisons were made to adjacent volunteer 
pastures dominated by onion grass and annual grass species like silver grass, barley grass, and 
soft brome. They contained no perennial species except for some Astrodanthonia spp. The 
research aim was to investigate the effect of the grazing and fertilizer regimes on species 
persistence, especially phalaris, subterranean clover and capeweed. Water and nutrient 
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movements were also studied. Figure 21 shows an overview of the paddock layout including a 
legend of management regimes. The individual Red Gums in the paddocks are obvious in the 
HyMap imagery. 
 
Figure 21 Vasey paddock layout showing rotations and treatments on HyMap image (December 2000). 
3.2.5 Ellinbank 
The DPI Ellinbank centre is situated in West Gippsland, in eastern Victoria, 110 km east of 
Melbourne and 11 km south of Warragul, in the upper reaches of the Moe–La Trobe River 
catchment. The site location is 38º14’S, 145º55’E and the altitude ranges from 146 to 171 
metres asl (Ellis 2001). It comprises 217 hectares of which 190 hectares are foothills and 27 
hectares flats that adjoin a creek which divides the property in an eastern and western part. 
The soil type is krasnozem (red basaltic clay loam) and is well structured, naturally acid with 
a low native phosphorus (P) content and a moderately high ability to ‘fix’ applied P.  
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The long term average rainfall for Ellinbank is 1100 mm distributed over 12 months, with 
October usually yielding the highest rainfall and February the lowest (Natural Resources and 
Environment (NRE) 2003). Temperature averages 20˚C in mid summer and 8˚C in mid 
winter. Figure 22 provides an aerial overview of the farm in January 2000. 
 
Figure 22 Ellinbank research station and farm. (Photo by SKYWORKS, January 2000, courtesy Marnie Ellis, 
Ellinbank.) 
In 1995 the Ellinbank Farmlet study as part of the Phosphorus for Dairy Farms project 
(Gourley 2003). This study recommended that soil phosphorus targets then recommended by 
fertiliser companies and government organisation should be reduced. The reason was that 
these higher levels were not economically justified and could result in a higher risk of P losses 
to the environment. The site was part of a ‘demonstration farm’ between 1988 and 1993 and 
then received regular fertiliser dressings. The site consisted of approximately 78 hectares of 
undulating hills with slopes in many aspects. From a detailed survey of soil characteristics, 
blocks were designed and 130 paddocks (Figure 23) were assigned to receive different 
grazing pressure and amount of fertilizer (Table 78, Appendix B). The paddocks of the 
Ellinbank farmlet study were chosen only from areas deemed suitable for optimum pasture 
production. A mix of perennial ryegrass and white clover dominate the pastures together with 
some annual grasses and broadleaf weeds. The pastures represent average to above average 
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quality dairy pastures in the high rainfall regions (Gourley et al. 2001). Figure 23 shows an 
overview of the paddock layout. 
 
Figure 23 Ellinbank farmlet paddock layout on HyMap images (December 2000). The blue line are approximate 
locations of established transects used for sampling of the pastures. 
3.3 Pasture attribute assays 
Pasture samples were captured, both synchronous with the ASD field spectra capture and on a 
paddock transect sample basis to provide ground-truthing for hyperspectral imagery (see 
section 4.2.2). Because of differences in spatial resolution between the hyperspectral imagery 
captured and logistical constraints in staff resources somewhat different sampling and analysis 
was performed at the study sites. 
Sampling was done by staff at the study sites on a per paddock basis as part of their routine 
sampling and extra cuts were made from some paddocks. Special cuts of the canopies imaged 
were made concurrent with the field spectra capture. Both unimproved and improved pasture 
types were included since both these types are very common in the grazing landscape of 
Victoria. 
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The following sections describe the field data sampled and issues related to their capture as 
well as descriptions of the laboratory based analysis of the pasture samples including content 
analysis of chlorophyll and water as well as NIRS analysis of protein and digestibility and wet 
chemistry analysis of fibres. The selection of botanical attributes or variables making up the 
pasture assays (Table 5) was chosen because of their relationship to plant vigour and feed 
quality as discussed in section 2.6, Chapter 2. 
Table 5 Pasture sample attributes, types of analysis and units. The pasture sample attributes used for spectral 
comparison are highlighted with bold type face. 
Analysis attribute Type of analysis Unit 
Chlorophyll a  Wet chemistry / spectrophotometry 
/ calculation 
mg/g 
Chlorophyll b  “ “ mg/g 
Chlorophyll total “ “ mg/g 
Chlorophyll (a+b) “ “ mg/g 
Water mass mg/g Drying / weighing of sample 
(NIRS – dry matter %) 
%, mg/g 
Dry matter (DM) Drying / weighing of sample % 
Crude protein NIRS % of DM 
(Nitrogen) Calculation from protein  % of DM 
Metabolisable energy (ME) Calculated from DM digestibility MJ/kg DM 
Digestibility (In Vivo) Dry Matter 
Digestibility (IVVDMD) 
NIRS % digestible DM 
Neutral detergent fibre (NDF) NIRS % of DM 
Acid detergent fibre (ADF) Wet lab + calculation % of DM 
Acid detergent lignin (ADL) Wet lab + calculation % of DM 
Ash Burning + calculation % of DM 
Lignin Calculated from ADL and ash % of DM 
Cellulose Calculation from ADF and ADL % of DM 
 
The final selection of six attributes used for the study of relationships with field spectra and 
hyperspectral imagery are listed in bold. One of the reasons for their selection is their intrinsic 
relationship to feed quality and carbon content in pastures (section 2.3.6). Chlorophyll is 
related to nitrogen, which is related to protein content, which in turn provides a quality 
indicator. Lignin and cellulose are the main carbon carrying compounds in the pasture 
vegetation excluding sugar and can also be seen as “anti” quality indicators being fibres and 
indigestible. Dry matter digestibility is one of the main characteristics evaluated in relation to 
traditional feed quality evaluation. The other reason is that the spectral effect of absorption of 
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chlorophyll, water, protein, cellulose and lignin has been successfully determined in a number 
of spectral studies of plant materials (section 2.4.3).  
The two strong absorbers chlorophyll and water with large absorption features could be used 
as ‘controls’ in spectrometer data analysis work seeking estimates of parameters with smaller 
and narrower absorption features, i.e. if the results show low correlation between spectral data 
and chlorophyll/water assays this could indicate that there is a lack of resolvability in the 
spectral data, or sampling or processing errors, or of course errors related to the assay data. 
Of the chosen six pasture quality attributes or parameters digestibility can be seen as a feed 
value attribute and the other five as bio-chemicals but in order to allow reference to all six as 
a group they are referred to in the thesis as pasture quality attributes. 
The reason for only using the chlorophyll concentration in mg/g as (a+b) is that this was the 
measure of total chlorophyll content common to most samples. The division into chlorophyll 
a and b was not considered essential for the study of pasture feed quality especially since 
there is a strong correlation between these variables. Water content is calculated by weighing 
fresh and dry samples. The calculations for crude protein and digestibility are based on dry 
matter content from NIRS estimates of remaining plant water in the dried samples. The fibre 
proportions cellulose and lignin are based on the dry weight of the samples. 
3.3.1 Collection and preparation of pasture samples for analysis 
During the remote sensing campaigns pasture samples were collected in order to facilitate 
comparison with remotely sensed data captured at different distances to the pasture canopies 
(ground, airborne and satellite). For ground captured spectra the area imaged was cut off a 
couple of inches above ground level (to avoid soil influence). This is called a “toe” cut but 
will subsequently be referred to as a “grab” sample or pasture sample. For transect and 
walking averages used for airborne and satellite data, toe cuts were taken at random at 
approximately even intervals along the transect or inside the area being imaged.  
For whole of paddock sampling, research personnel took toe cuts along transects established 
for other research projects. Sampling was done by research staff along well established 
transects for all sites but the DPI Hamilton research station. The location of the end points of 
the transects were established with GPS, measurement tape and digital paddock boundaries. 
As many as possible of these transect samples were used for analysis with image spectra. The 
samples from around the DPI Hamilton research station were cut from a few selected pasture 
areas that appeared different in the hyperspectral HyMap PVI image resulting from the 
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December flight that missed the LTPE site. The pasture canopy samples taken at different 
sites are summarised in Table 6. There were 18 samples cut along paddock transects at the 
LTPE that ended up having no corresponding spectra and for the sites around the PVI farm 
there were 13 samples without corresponding ASD spectra. 
Table 6 Pasture sample summary table including numbers, sample types, sampling dates and corresponding 
spectra. 
Site Number of 
pasture 
samples 
collected 
Type of sample Sampling date Corresponding 
spectra 
PVI 13 Toe cuts of paddock regions December 14, 2000 HyMap image  
PVI 25 Toe cuts of point pasture 
canopies and walking averages 
January18-19, 2002 ASD 
PVI 38 Toe cuts of paddock transects January 24-25, 2002 Hyperion image 
PVI 20 Toe cuts of point pasture 
canopies and walking averages 
October 29, 2002 ASD 
LTPE 23 Toe cuts of point pasture 
canopies 
December 5, 2000 ASD 
LTPE 18 Toe cuts of paddock transects December 4, 2000 none 
LTPE 16 Toe cuts of paddock transects March 23, 2001 HyMap image 
Vasey 6 Toe cuts of point pasture 
canopies 
December 5, 2000 ASD 
Vasey 21 Toe cuts of paddock transects December 5, 2000 HyMap image 
Ellinbank 13 Toe cuts of point pasture 
canopies 
December 6, 2000 ASD 
Ellinbank 28 Toe cuts of paddock transects December 4, 2000 HyMap image 
 
The plant samples collected were put in paper bags to allow tissue respiration and 
conservation, tagged with a label and put on ice in an esky. The samples were later divided 
into two parts, one for analysis of chlorophyll using the fresh sample and one for drying for 
water content analysis and subsequent NIRS and fibre analysis. For each sample the GPS 
position was recorded as well as the approximate location on a hard copy map. An overview 
of the paddock and the imaged area were photographed and descriptive notes written down 
(for example type of pasture including species composition, height of pasture, ground cover 
and other specifics as appropriate). 
The preparation included drying of the samples for estimation of water content and as 
preparation for grinding and subsequent Near Infrared Spectroscopy analysis (NIRS) and fibre 
analysis. The samples were prepared using established procedures (as directed by 
  95 
FEEDTEST® staff) for appropriate mixing (quartering method) including sub sampling and 
chopping before grinding. 
Because plant samples change when stored, they should ideally be analysed on the same day 
to minimise the introduction of error in the results because of potential degradation. This was 
not possible for samples targeted for NIRS and lignin/cellulose analysis, because of some 
limitation in access to the NIRS instrument and interstate lignin-cellulose analysis. However, 
unground samples were stored in plastic bags and ground sample in plastic jars with screw 
tops as recommended to reduce potential change. It was not within the scope of this study to 
investigate this potential change and no literature has been found that has tried to quantify 
changes over time for stored samples. 
3.3.2 Chlorophyll analysis 
The fresh green samples were analysed for chlorophyll content by Deakin University Water 
Quality Laboratory, Warrnambool. The time in esky storage for the missions varied from a 
couple of hours for the ASD 2002 mission to 12 hours for the Ellinbank samples 
corresponding to the ASD spectra. The analysis by Deakin staff was then carried out within a 
few days of reception. No chlorophyll analysis could be undertaken for the samples collected 
along paddock transects for Ellinbank. 
The methods used to determine chlorophyll content followed formulae listed in Harbourne 
(1973a) using 80% acetone as solvent and a standard spectrophotometer. Different 
calculations were initially used for different sample batches and are listed in Table 79, 
Appendix C, including the Deakin provided accuracy statement. To be consistent with the 
Harbourne recommendations the values were re-calculated using the equation coefficients for 
the fresh weight calculation for a and b and for volume calculation for a+b and total as listed 
in Table 7.  
Table 7 Calculations used to derive chlorophyll values from spectrophotogrammetric absorption at different 
wavelengths. 
 Formula used for final calculation of chlorophyll on fresh weight basis 
(Harbourne 1973a) 
Calculation 
basis 
Chl a ((12.3 * A663 – 0.86 * A645) / dilution ) * Vol L / Sample g fresh weight 
Chl b ((19.3 * A645 – 3.6 * A663) / dilution ) * Vol L / Sample g fresh weight 
Chl a+b ((20.2 * A645 + 8.02 * A663) / dilution ) * Vol L / Sample g volume 
Chl total ((27.8 * A652) / dilution) * Vol L / Sample g volume 
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In subsequent reporting chlorophyll (a+b) is used to represent total chlorophyll in the samples 
for analysis and comparison with other biochemicals and field and image spectra because 
chlorophyll total estimated from absorbance at 652 nm was available only for 2/3 of the 
samples and the emphasis in this study is not on the relationship between chlorophyll a, b and 
total. The assay results also showed a strong co-correlation between chlorophyll a and b 
(0.94), a and (a+b) (0.99) and b and (a+b) (0.97). As a strong co-correlation existed between 
all measures of chlorophyll, the different chlorophyll components were considered irrelevant 
to forage quality in the scope of this thesis. 
3.3.3 Water content calculation 
The method for deriving water content of pastures samples at the PVI followed established 
protocols. The samples to be dried were placed in foil or mesh containers that had been 
weighed and tared to zero. The wet weight was recorded and the samples were placed in 
ovens and dried overnight at 100°C. The samples were allowed to cool and the dry weight 
recorded. Dry matter (DM) was calculated by Equation 1 and water content mg/g by Equation 
2.  
dw
dwwwDM −=  
Equation 1 
Where DM is %dry matter, ww = wet weight in milligrams, dw = dry weight in milligrams. 
1000*)/(
ww
dwwwgmgwater −=  
Equation 2 
DM is the attribute/variable used for subsequent comparison with other attributes and field 
and image spectra. In addition the quantity of feed available is usually expressed in DM/ha. 
Dry matter (DM) is the portion (weight) of forage other than water. Dry matter is calculated 
as the difference in weights of fresh and dried forage. It is used as a basis for reporting other 
pasture attributes such as nutrients and fibres and to facilitate comparison. 
By mistake the samples collected in January 2002 (Hyperion campaign) were all dried at 
100°C rather than repeating the procedure followed in the previous year. Then sub samples 
were dried at 100°C for 24 hours for calculation of water content, and another sub sample was 
dried at 60°C for 48 hours for NIRS and other analysis. The drying was carried out by field 
staff at the PVI. The calibration equations used by the NIRS system assumes the lower drying 
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temperature which means the calibration equation may not be suitable for samples dried at a 
different temperature. The effect of drying at higher temperatures than 70°C, and especially 
over 100°C, has been reported to have a “browning” effect on forage (Sullivan 1973). They 
also reported that the digestibility of crude protein is reduced and that the in vivo digestibility 
is lowered when drying at high temperatures. The effect is explained by a chemical reaction 
of amino acids with sugar, called the Maillard reaction. This may also cause a quantitative 
increase in lignin where an additional cause is condensation of carbohydrates, proteins, or 
lipids with lignin or with one another whereas the structural carbohydrates hemicellulose and 
cellulose appear not to be damaged. An experiment was therefore undertaken to investigate 
the relationship between the two drying temperatures the results from NIRS and fibre 
analysis.  
The samples collected in October 2002 were divided into three sub samples, one for 
chlorophyll analysis and two for drying at 60°C and 100°C respectively. The thirty samples 
compared included 10 additional samples of drier forage sampled outside the campaign when 
it was realised that the initial sample collection did not quite cover the drier range of the 
samples collected in January 2002. It should be noted that this is the only time these 10 extra 
samples were used in this research, they are not included in any analysis of distribution 
statistics etc. In Table 8 the comparison of results from the different drying temperatures is 
shown for sample concentrations of crude protein, digestibility, water, cellulose and lignin. 
Table 8 Coefficients of determination and linear equations for relationship between pasture samples dried at 60 
and 100 degrees for different attributes. 
Pasture attribute R2 Linear equations for 60 degree values and 100 
degree values 
%crude protein (CP) 0.99 CP60 = 0.967 * CP100 + 0.067 
%digestibility (IVVDMD) 0.99 IVVDMD60 = 1.105 * IVVDMD100 - 4.134 
%cellulose (Cell) 0.91 Cell60 = 0.642 * Cell100 + 10.308 
%lignin (Lign) 0.49 Lign60 = 0.648 * Lign100 + 1.114 
 
The results suggest that there may be an effect due to the higher drying temperature but that 
the correlation between the two drying temperatures is high (as indicated by the coefficient of 
determination, R2 for some attributes) potentially allowing calibration. The relationship 
between the 60 degree and the 100 degree temperatures varies for the different attributes. The 
correlation is high between 100 degree and 60 degree values for crude protein, digestibility 
and cellulose whereas large spread around the regression line is shown for lignin. All p-values 
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were significant (i.e.<0.01). The linear equations were used to convert the attribute values for 
the samples dried at 100 degrees C in 2002.  
3.3.4 NIR (Near Infrared) Spectroscopy 
NIR (Near infrared) spectroscopy (NIRS) was carried out on the field samples to determine 
some of the feed quality parameters. This was performed at the FEEDTEST® laboratory at the 
DPI, Research Victoria, Hamilton, Victoria (former Pastoral and Veterinary Institute (PVI), 
DPI). The relationship between the attributes derived from the NIRS and pasture feed quality 
is outlined in section 2.3.  
Of the five attributes provided from NIRS, In Vivo Dry Matter Digestibitliy (IVDMD) and 
Crude Protein (CP) were used to compare with the spectral data. The other three, NDF, 
Metabolisable energy (ESTME) and DM were not used in the analysis. All attributes but 
ESTME are derived from the spectroscopy of the dry and ground samples. ESTME is 
calculated from digestibility. 
The spectroscopy was carried out using a FOSS NIRSystem 5000-II (Perstorp Analytical 
Systems) by the author after training in the preparation of samples and analysis using the 
system by experienced FEEDTEST® staff. The prediction of feed quality parameters was 
determined by the proprietary software program Scan.exe, version 4.01 (1996 Infrasoft 
Internatinal Inc.). The calibration equation used had been developed by FEEDTEST® staff 
especially for prediction of temperate pasture samples. Pasture samples from all over Victoria, 
and parts of South Australia and New South Wales are analysed with this calibration equation 
at the FEEDTEST® laboratory. The preparation process included chopping and mixing the 
sample using the “quartering method” to ensure adequately uniform sub sampling (Jago 
1998). A sub sample from each sample was then ground through a 1 mm sieve using a 
Cyclotec 1093 Sample grinding mill (FOSS TECATOR). The samples were stored in airtight 
containers for subsequent loading into closed glass cups for analysis in the NIRSystem.  
Exceptions to this procedure were the samples from Ellinbank that were first sent for ICP 
(Inductively Coupled Plasma) elemental analysis of total P, K, S, Ca, Mg, Na, Cl, Cu, Zn, 
Mn, Fe and B to the State Chemical Laboratories (PIRVic research centre, Werribee) where 
the samples were ground with a ball and pith grinder to less than 0.1 mm. Remaining sample 
quantities were subsequently sent to the author for NIRS analysis. This resulted in a reduction 
of the number of samples available from the Ellinbank pasture grab samples corresponding to 
the ASD spectra of the same grind size as the others (1 mm). For only two of the spectra there 
was unground sample left to grind at 1mm for appropriate comparison with the other samples. 
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The calibration equations used in the feed quality analysis are based on an assumption that the 
samples have been ground through a 1 mm sieve and the results are therefore not necessarily 
valid for finer ground samples. The importance of the grind size of the samples for the 
spectroscopy results has been highlighted in the literature by a few authors (Harris, DJ et al. 
1997; McClure 1984). Therefore an experiment was undertaken to investigate whether it 
would potentially be possible to develop a correction factor for the difference in grind size 
using samples for which both sizes existed. Twenty-eight samples were available for this 
experiment. The results showed no significant correlation between the two grind sizes for DM 
and ESTME but reasonable correlation for CP, IVDMD and NDF (Table 9). 
Table 9 Results of linear regression of the two grind sizes, 1 mm and ~<1/10 mm. Attributes yielding a p-value 
<0.01 are marked with bold type face. 
NIRS results Coefficient of 
determination (R2) 
Significance testing (p-value) 
Dry matter (DM) 0.01 0.346 
 
% Crude Protein (CP) of DM 0.41 1.28E-04 
 
% DM Digestibility (IVDMD) 0.49 1.85E-05 
% Neutral Detergent Fibre (NDF) 0.57 1.91E-06 
Metabolisable Energy (ESTME) 0.10 0.054 
 
Harris et al. (1997) and McClure (1984) warn against trying to compensate mathematically 
for particle size, although mathematical treatments such as derivatives are at times used in 
NIRS to correct for particle size since derivatives reduce effects of scattering, which is 
strongly affected by particle size. However, it was decided to exclude the samples ground at 
0.1 mm from the NIRS analysis to avoid introducing unnecessary errors which could 
complicate the interpretation of the results.  
3.3.5 Fibre analysis 
One important measure of cell fibre is the neutral detergent fibre (NDF) fraction. This is the 
forage sample residue remaining after boiling in neutral detergent solution. NDF represents 
the total cell wall constituents, cellulose, hemicellulose, lignin, and ash, and are the 
indigestible and slowly digestible components in plant cell walls. Another measure is the acid 
detergent fibre (ADF) fraction. This is the forage sample residue remaining after boiling in 
acid detergent solution (for example sulphuric acid and cetyl trimethylammonium bromide – 
CTAB). ADF approximates cellulose, lignin, and ash without the hemicellulose component. 
Acid detergent lignin (ADL) is the fibre fraction consisting of lignin, cutin and ash after 
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treating NDF with fraction with sulphuric acid. ADF is often used to provide estimates of 
digestibility and NDF is used to predict intake potential as it represents a digestible 
component and when this goes beyond a certain levels the preference for the forage is 
reduced. 
The following simple calculations illustrate the relationship between the fibre attributes 
commonly used: 
• NDF = total cell wall fibres 
ADF residue = cellulose, lignin, cutin and acid-insoluble ash (mainly silica) 
ADL residue = lignin (and cutin) and ash 
• NDF–ADF = hemicellulose + some protein 
• ADF–ADL =cellulose 
• ADL–ash = lignin and cutin 
Fibre analysis was carried out by Agriculture NSW (AgNSW) laboratory in Wagga Wagga, 
NSW. The pastures samples were analysed for fibre content at three points in times, not 
corresponding to the actual sampling date, but rather on a priority basis because of economic 
constraints. The ASD samples from December 2000 were analysed first including pasture 
paddock samples from around the PVI research farm. For these AgNSW used the Fibretec 
method and instruments (Fibertec 2004). The pasture samples for the subsequent times and 
remaining pasture paddock samples from December 2000 were analysed using a new method 
and technology, ANKOM (ANKOM 2003a, 2003b). 
The analysis process for both methods/instruments can be summarised as follows.  
1. First the dried and ground sample was analysed for the acid detergent fibre (ADF) by 
treating the sample with an acid detergent solution (sulphuric acid and CTAB) rinsing 
and drying and weighing residue → %ADF  
2. then for acid detergent lignin (ADL) by treating the resultant residue with sulphuric 
acid → %ADL.  
3. The remains are then incinerated at 500 degrees and the difference weight becomes the 
%Ash component.  
Results were provided for analysis of %ADF, %ADL and %Ash. From these %Cellulose and 
%Lignin were calculated using the following simple formulae as suggested by AgNSW and 
confirmed by Flinn (2003).  
%Cellulose = %ADF–%ADL and %Lignin = %ADL–%Ash 
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The calculation and results did not provide for a separation of lignin and cutin, which means 
that any reference to %lignin also includes a potential cutin component. However, since the 
pasture and weed species analysed are common forages the cutin component is negligible 
(Goering & Van Soest 1970). 
Lignin and cellulose as % of dry matter were the two biochemicals selected from the fibre 
analysis for comparison with field spectra. Both represent the persistent carbon content in 
pastures and lignin especially can be considered an anti-quality component because strongly 
lignified secondary cell walls of pasture plants make up the fraction that is unavailable in 
forages (Coleman & Windham 1989). Takahashi et al. (2004) cautions that the choice/use of 
lignin analysis when using near-infrared spectroscopy to estimate the lignin content of 
different taxonomic classes of plants may impact the results. However, no options were 
available for the analysis of the samples in this research. 
The method precision excerpt provided by AgNSW on request as part of the quality assurance 
is listed in section 3, Appendix C. 
A number of problems were encountered with the results provided from the laboratory and 
their recommended calculations of lignin and cellulose percentages were initially erroneous. It 
was rectified after long and arduous communication with the laboratory. It also meant that 
subsequent analyses using the initial results to compare with spectra had to be redone.  
The calculation error was not discovered until the results of the second batch were received 
and the same calculations to derive cellulose and lignin analysis were applied, this time 
resulting in negative values. This was pointed out and the proper way to calculate these 
properties was confirmed by Flinn (2003) and by double checking the established protocols 
for determining cellulose and lignin from acid detergent fibre and ash (Goering & Van Soest 
1970). In addition, a discrepancy in the ashing procedure was discovered by AgNSW 
laboratory, who indicated that the temperatures had not been stable. Two samples with 
significantly lower ash figures than those for other samples these were re-incinerated and the 
results recalculated but no significant difference was discovered and the primary results were 
therefore concluded to be valid. A number of issues related to the collection and analysis were 
encountered during the research and different strategies were deployed to deal with them as 
summarised in Table 10. 
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Table 10 Summary table of sampling and attribute analysis issues and rectification strategies employed. 
Issue Samples/attributes 
affected 
Strategy 
Lost samples All but chlorophyll Use different number of samples for each of the six 
attributes to ensure as high variability as possible 
Omitted attribute analysis Water content not 
available for pasture 
samples from Vasey, 
PVI, LTPE 2000 and 
2001 
Use different number of samples for each of the six 
attributes to ensure as high variability as possible 
Differently ground samples Most Ellinbank 
samples corresponding 
to field spectra 
Test relationship between grind sizes 
High temperature drying for 
some samples 
Crude protein, 
digestibility, lignin and 
cellulose 
Develop calibration equations for application to 100 
degree samples, test effect on results 
Calculation inconsistencies 
between sample batches 
Chlorophyll Confirm appropriate method and re-calculate results 
for consistency 
Calculation errors in 
provided fibre results 
Cellulose and lignin Confirm appropriate method and re-calculate results 
Some pectin could be 
included in fibre results* 
Cellulose and lignin Pectin component could be up to five percent for 
grasses and eight percent for legumes. Effects on 
cellulose and lignin result and effect on spectra of the 
possible pectin component is unknown 
* More recent procedures therefore recommend that NDF fraction is removed before ADF analysis 
3.4 Grouping of pasture samples corresponding to In situ spectra 
Early in the research it became apparent that the many types of pasture vegetation, canopy 
structures and temporal differences would create a high variation in the samples in respect to 
feed quality attributes and spectral response. Research has also shown that the spectral 
signatures of grassland canopies can be inordinately affected by the amount of standing litter 
because of the reflectance and transmission properties of senescent plant material (Asner 
1998).  
Various approaches to the analysis of the relationship to spectral properties could therefore 
potentially be needed for different “groups”. To investigate the potential inherent groupings, a 
matrix of biophysical and subjective properties was created. Discriminant analysis was used 
to analyse whether these properties had any bearing on the pasture attribute data or the 
spectral data (see section 4.5.2) likely to influence relationship models. 
3.4.1 Biophysical Matrix 
A matrix was created from biophysical and other features that would make sense from both a 
feed quality, above ground carbon content and spectral perspective for the samples 
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corresponding to the in situ spectra. It also provided a means to systematically assess the 
nature of the pasture canopies sampled. 
Visual assessment of the paddocks and pasture samples using photos and descriptions was 
used in a subjective way to provide a rating for each sample for the selected variables. The 
variable selection was based on groupings it would be desirable to discern, what was deemed 
possible from the knowledge of parameters affecting feed quality and carbon content, and an 
assessment of the captured variation. These constructed variable classes should not be 
mistaken for objective measurements. 
A secondary matrix set was also used that included parameters that could potentially influence 
sample groupings in an artificial way such as study site and capture date. It consisted of 
parameters related to the capture of the spectral information such as capture time of day, 
spectra type and spectral averages. The initial number of classes was determined subjectively 
from the photos and the descriptions or for secondary variables, from numerical occurrence. 
The final number of classes resulted from groupings of the initial levels to ensure that there 
were at least three samples in each class so as not to create spurious results in discriminant 
analysis. All variables derived, the number of classes used and reasons for their creation are 
summarised in Table 11 and subsequently described in more detail (for parameters relating to 
the spectral capture, see section 4.2.4 after the processes have been introduced). 
Table 11 Matrix of primary and secondary variables with final number of classes used in the grouping analysis. 
Comments on the perspective from which the variables are important are also included. 
Primary variables Classes Comment 
Phenology 5 Greenness and senescence affect feed quality and carbon content, 
presence of flowers and seeds would influence spectral response 
Live/dead fraction 4 Potential strong grouping because of plant water masking of spectral 
features, lignification of cell walls increases carbon content and 
deteriorates feed quality 
Pseudo Leaf Area Index 6 Various amount of plant material per unit area creates different 
spectral response, potential soil background influence at low values 
Canopy structure 3 Dominant leaf angle determines canopy structure potential strong 
effect in NIR spectral region 
Monocotyledons – 
Dicotyledons-proportion 
3 Grasses and broad leafed plants are mostly dominated by very 
different leaf angle (erectofile and planofile) which has spectral 
influence, feed quality difference 
Species groups 8 Finer grouping than mono- and dicotyledon grouping, potential 
spectral effects, feed quality difference 
Weeds/non-weeds 2 Closely related to mono- and dicotyledon grouping, weeds do not 
include clover species, feed quality difference 
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Secondary variables Classes Comments 
Study site 4 Somewhat related to capture date and phenology, but also difference 
in pasture types and grazing management could cause difference in 
overall feed quality and carbon content 
Capture date 3 Phenology related 
Capture time of day* 5 Spectral influence because of different illumination conditions 
Spectra type* 3 Difference in spatial coverage, potential smoothing effect of spectra 
Internal spectral sampling* 2 High internal spectral sampling rate has a smoothing effect 
Drying temperature** 2 High drying temperatures can cause lignification of proteins 
Sample grind size *** 2 NIRS instrument calibrated only for 1 mm grind size 
Chlorophyll batch^ 3 Difference in calculations 
Lignin-Cellulose batch^^ 3 Difference in methods and calculations 
* discussed in 4.2.4 ** discussed in section 3.3.3 *** discussed in section 3.3.4 ^ discussed in section 3.3.2            
^^ discussed in section 3.3.5 
Phenology 
A variable capturing differences in phenology stage was a natural candidate for inclusion in 
the matrix because: 
• the field reflectance spectra had been captured at several times of the year in 
different seasons; 
• plants change substantially in regards to biochemical content and canopy 
structure over the seasons from vegetative growth only, via bud formation to 
seed formation and senescence; and 
• there was variability of the phenological states of the pasture types within the 
study sites because of inherent growing/maturing patterns and management 
effects. 
The classes were determined from the apparent variation and included both judgement of 
“greenness” and increasing maturity stage since both these properties are intrinsically linked. 
As feed quality decreases during the phenological development the carbon content goes up 
(i.e. protein content and digestibility negatively correlated to cellulose). 
Table 12 Look up table for phenological stages. 
Phenology Description n 
1 Green leaves only 18 
2 Green leaves, buds, flowers 20 
3 Mixed green and yellow leaves w seed heads 43 
4 Mixed green and yellow leaves 3 
5 Yellow leaves only 3 
  105 
Fraction live/dead plant material 
An assessment based on the photos of the pasture beneath the ASD probe at the time of 
capture was assessed as to the proportion of the canopy consisting of photosynthetically active 
(PV) and non-photosynthetically active vegetation (NPV). Four groups with different 
proportions of live/dead plant material were identified (Table 13).  
Table 13 Look up table for fraction living/dead or “dry-green” proportion. 
Live/dead fraction Description n 
1 0–25% green and 100–75% dry 15 
2 25–50% green and 75–50% dry 11 
3 50–75% green and 50–25% dry 18 
4 75–100% green and 25–0% dry 43 
These groups could be seen as alternative grouping to phenology using emphasis only on 
photosynthetic activity without the structural influence of different phenological stages. 
Higher fractions of living vegetations would in general be expected to have higher feed 
quality values and lower carbon content. 
Pseudo Leaf Area Index (LAI) 
Class values for a pseudo LAI were calculated using an assessment of canopy height and 
percentage ground cover. The height of the pasture imaged was measured using a pasture 
stick and the ground cover estimated subjectively for approximately ¼ m2 directly under the 
spectrometer field of view. Given that the actual field of view of the ASD spectrometer was 
usually only a circle of 5–10 cm in diameter and care was taken to actually record pasture 
spectra with minimal soil influence the effect was deemed to be minimal in most cases and no 
correction for soil effects on the spectra was attempted. As discussed in section 2.4.1, 
CHAPTER 2, the influence of soil on vegetation signatures and residues on the plant leaves 
and the effects of this on spectroscopy analysis and other analysis has been noted but were not 
quantifiable.  
The pseudo LAI estimate is possibly quite crude, both for the transect spectra where an 
average was estimated for areas up to 100 m2 and for single spectra, as the these cover a small 
plant surface area. The relationship between Pseudo LAI values and vegetation cover and 
heights are listed in Table 14. As the only a few spectra were clover or had high clover 
content this aspect was not included in the Pseudo LAI. 
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Table 14 Look up table for pseudo LAI values. 
Pseudo 
Leaf Area Index 
value 
Vegetation Cover Height n 
0.4 75–90% 0–15 cm  5 
0.8 90–100% 15–30 cm 5 
1 100% 0–5 cm 17 
2 100% 5–15 cm 23 
3 100% 15–30 cm 22 
4 100% >30 cm 15 
Canopy structure 
Canopy structure is often defined by a number of parameters such as LAI, leaf orientation or 
angle, leaf size and shape, canopy height and canopy water mass (Jago 1998). The matrix 
class canopy structure was used in this matrix to capture main differences in leaf and stem 
orientation between the pasture canopies from which field spectra were derived. I.e. whether 
it was a standing grass canopy with most of the grass strands in a vertical position or whether 
part or the entire canopy had fallen over and the grass leaves and stems were more or less in a 
horizontal position. A look up table for canopy structure values is provided in Table 15. 
Table 15 Look up table for canopy structure values. 
Canopy structure Description n 
1 standing 62 
2 lying 18 
3 mix standing and lying 7 
For the few pure dicotyledon species spectra such as thistle, sorrel, flatweed and capeweed 
were assessed as lying if the leaves of the plant had a predominantly horizontal orientation 
(although the plant is actually standing up) and as standing if most of the leaves are more 
vertically oriented and there is a clear three dimensional aspect to the plant canopy. In 
addition a class where the two were mixed was constructed. 
Monocotyledon–Dicotyledon proportion 
The taxonomy of the dominant species imaged was considered an important difference since 
dicotyledons mostly have a very different growth habit to grasses. Clover species often 
contain the highest levels of protein. Excluding clover the imaged dicotyledons were weed 
species. Three groups were identified. 
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Table 16 Look up table for the proportion of monocotyledons and dicotyledons in the pasture samples. 
Proportion 
monocotyledons –
dicotyledons  
Description n 
1 0–25% monocotyledons and 100–75% dicotyledons 16 
2 25–75% monocotyledons and 75–25% dicotyledons 9 
3 75–100% monocotyledons and 25–0% dicotyledons 62 
Weeds/no weeds 
The samples were also divided into two groups (Table 17) representing weeds and non weeds, 
also referred to as ‘no weeds’, although none of the managed pastures in this study would be 
dominated by weeds more than in very small areas of the paddocks. The weed group is by 
default closely related to the mono-dicotyledon grouping since most of the weed samples are 
dicotyledons (except for one sedge sample). The weed class was made up of capeweed, scotch 
thistle, Juncus sp., sorrel, docks, plantain, and flat weed. One grass sample with some 
Eucalyptus leaf litter is also included in the “weed” group since it is an undesirable 
component of the pastures and is less palatable. It should be noted that pure weed stands were 
only sampled in 2000, the four weed samples from 2002 are dominated by weed species but 
not pure. 
Table 17 Look up table for dominance of weed/non-weeds in the pasture samples. 
No weeds/ weeds Description n 
1 Non weed species dominated pasture 69 
2 Weed species dominated pasture 18 
Species groups 
An assessment of the dominant and co-dominants species imaged by each ASD spectra were 
based on notes taken at the time of capture and revision of the photos (and dried pasture 
samples). Initially a large class list of dominant species and co-dominant species were created. 
Because there were only one or two representatives of some classes this was revised into eight 
classes considered important. These eight groups (Table 18) reflect to a certain extent whether 
they are of an unimproved or improved pasture type, where Barley grass and Fog grass 
dominated pastures are representatives of the former and ryegrass, phalaris and clover 
dominated pastures of the latter. The “other grass dominated” class consists of species such as 
Paspalum, Poa, Themeda, Danthonia, Rough Dog’s tail, Sweet Broome, Sweet Vernal and 
Cocksfoot for which there were one or two samples per class. The class “other dicotyledons” 
consist of different more or less palatable weed species the same as for the “weed” class 
above. 
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Table 18 Look up table for the description of species groups represented in the pasture samples. 
Species groups Description n 
1 Ryegrass dominated 29 
2 Barley grass dominated 13 
3 Fog grass dominated 3 
4 Phalaris dominated 4 
5 Other grasses / sedges 15 
6 Clover dominated 3 
7 Clover mix 5 
8 Other dicotyledons 15 
A number of secondary variables were also derived including two attributes possibly related 
to the bio-physical attributes; the different study sites and the time of year of data collection. 
In addition three attributes related to field spectra capture but not expected to affect groupings 
of the pasture sample assay were derived; time of day of capture, spectra type and spectral 
average group. These variables are discussed in section 4.2.4 after the field spectra capture 
process has been introduced. 
Study sites 
A potential difference between study sites was anticipated given the different types of 
landscape (geomorphology), soils, pastures and management regimes (Table 19). The samples 
were divided into four classes, one for the PVI farm and surrounds, one for the Long-term 
phosphate (LTEP) trial paddocks, one for the Vasey farm and one for Ellinbank. 
Table 19 Look up table for the study sites. 
Study site Description (year of capture) n 
1 Long-term phosphate (LTPE) trial (2000) 23 
2 PVI farm (2002) 45 
3 Vasey farm (2000) 6 
4 Ellinbank farm (2000) 13 
Sampling time of year – capture date 
The sampling/capture time of year is related to the overall phenology of the pastures but since 
management practices such as harvesting and grazing create several phenological stages in 
pastures at the same time of year a linear relationship between capture time of year and 
phenology was not assumed. The three sampling times were used to classify the samples into 
general groups (Table 20). Overall it can be said that the pastures are greener and lusher and 
in an earlier stage of growth at the October 2002 capture time than in December 2000 or 
January 2002 but there are also seasonal differences between the years of capture. The nature 
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of the pastures at the PVI captured in December 2000 and January 2002 are possibly more 
alike than normal because the summer of 2001-2002 was very rainy, with lower than normal 
temperatures (Clark, S 2001) delaying maturity. 
Table 20 Look up table for the pasture sampling date. 
Sampling time of year/ 
capture date 
Description n 
1 December 5–6, 2000 42 
2 January 19, 2002 25 
3 October 29, 2002 20 
Multivariate correlations were used to determine relationships between the attributes based on 
the eighty-seven samples (Table 21). Five of the 15 co-correlations could be considered 
significant at 99% confidence level. 
Table 21 Matrix of co-correlation between bio-physical category variables. Correlations significant at 99% 
confidence level are marked with bold type face. 
 Phenology 
Groups 
     
Phenology 
Groups 
1 Canopy 
Structure 
    
Canopy 
Structure 
0.27 1 Live-
dead 
Groups 
   
Live-dead 
Groups 
-0.59 -0.49 1 pseudo 
LAI 
  
Pseudo LAI -0.15 -0.34 0.29 1 Species 
groups 
 
Species groups 0.11 0.022 -0.06 0.05 1 Monocot-Dicot 
groups 
Monocot-Dicot 
groups 
0.13 0.042 -0.09 0.05 -0.71 1 
The highest scores were as expected between species groups and monocotyledon-dicotyledon 
groups and phenology groups and live-dead proportion. Co-correlation between canopy 
structure and live-dead groups confirm that senescent canopies may fall over.  
The level of co-correlation is important to use as a basis for subsequent discussion of the 
results from the analysis of the relationship with spectral data. A high co-correlation creates 
uncertainty in regards to what aspects of a pasture attribute is actually being modelled and 
used for prediction. Modelled relationships can if the co-correlation is high be dependent on a 
property of a related attribute rather than directly to the attribute used. 
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3.4.2 Discriminant analysis – grouping of samples based on biophysical 
matrix 
Discriminant analysis was used to assess whether any groups could be identified in the 
combined pasture sample assay data that related directly to the classes of the matrix categories 
based on the pasture quality attributes. 
Two sets of analyses were undertaken; one using all six pasture attributes (n=47) and one 
excluding water (n=74). A summary of the misclassification percentages was produced from 
the results (Table 94, Appendix F). For most matrix categories the misclassification is larger 
than 25% and visible groupings limited. The misclassification was overall less using all six 
attributes. Removal of the water attribute produced a larger sample size but left out nearly all 
the data from pasture samples captured in December 2000. Only the results from using the 
five other attributes are reported here. 
In a series of canonical plots the multivariate means of some of the matrix classes are shown 
in the two dimensions that best separate the groups are shown (Figure 24 a-f). The sample 
points are coloured according to class and the size of the circles corresponds to a 95% 
confidence limit for the multi variate means (crosses). The directions of the attribute variables 
in the canonical space are shown by the biplot rays emanating from the grand mean and the 
length indicate the relative importance. The biplot rays have been moved from the point of 
grand mean for clarity in the plots as needed. 
A trend in the form of group means plotted in order of class levels from left to right can be 
distinguished for phenology and dry-green groups (Figure 24 a and b). The biplot rays 
suggested for phenology a greater relative affect from lignin and digestibility on the groupings 
and for live-dead groups crude protein and digestibility. In the species and monocotyledon-
dicotyledon groups analysis there is some separation of clover/dicotyledon dominated classes 
from the grasses (Figure 24 d and e) with lignin and digestibility affecting separability most 
for the monocot-dicot groups. Sampling times of year classes separated into the three classes, 
albeit with large class overlaps (Figure 24 c) and study site classes clustered clearly into two 
large groups, PVI versus the rest (Figure 24 f). 
Discriminant analysis using the secondary matrix categories sampling time of day and spectra 
type showed as expected no effect on results (Table 94, Appendix F) and drying temperature, 
grind size, chlorophyll batch and lignin-cellulose batch versus the pasture attribute assay 
results showed no obvious separation related to the classes (results not given). 
 
  111 
a) Phenology classes b) Live (green) – dead (dry) classes 
 
 
c) Sampling times of year/ capture date d) Species classes 
 
 
e) Monocot-dicot classes f) Study sites 
 
 
Figure 24 Canonical plots of the five pasture attributes (n=74) versus biophysical matrix categories (colours 
denote class). The size of the circles corresponds to a 95% confidence limit for the multi variate means 
(+ in circle). The directions of the attribute variables in the canonical space are shown by the biplot 
rays emanating from the grand mean and the length indicate the relative importance. The actual 
position of the grand mean has been moved for clarity as indicated by the arrows.  
a) Four phenology classes b) Four live-dead classes c) Three sampling times of year d) Eight species 
classes e) Two monocot-dicot classes f) Four study site classes.  
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3.5 Analysis of pasture attribute assay results 
Six of the available pasture attributes were selected for use in comparative analysis with the 
field spectra and for prediction testing of paddock assay results. They were selected from the 
available parameters on the basis of their potential importance for feed quality and carbon 
representation (see section 2.7). 
Chlorophyll, water, crude protein, cellulose and lignin are bio-chemical pasture constituents 
of interest and digestibility can perhaps better be described as a pasture or feed quality 
characteristic. However, for ease of discussion all six are referred to as pasture attributes in 
the thesis.  
To evaluate the presence of sample set differences, comparisons were made from two 
different aspects; on the one hand pasture samples corresponding to field spectra and pasture 
samples corresponding to spectra from the two hyperspectral image types (HyMap and 
Hyperion), and on the other hand pasture samples corresponding to the subsets of the two 
groups. The initial reason for including subsets in the evaluation range was to provide as large 
variation as possible to time and site comparisons (Table 22). Other reasons for inclusion are 
given in sections 6.3.4 and 7.2. 
Table 22 Pasture sample subsets and reason for inclusion in the comparison of descriptive statistics. 
Pasture sample subset name Reason for inclusion in comparison 
All pasture samples Largest possible range and variation for the research temperate pastures 
Samples corresponding to  
in situ spectra 
 
ASD-all Largest range and variation across sites and time for samples 
corresponding to field spectra 
ASD-2000 Maximum variation at one point in time 
ASD-2002 One site, two points in time 
ASD-no weeds Range representative of dominant pasture species across sites and time 
Samples corresponding to 
image spectra 
 
HyMap all Largest variation across sites and time, maximum number of 
samples/spectra with HyMap bands and resolution 
HyMap 2000 Maximum variation at several sites at one point in time 
HyMap 2001 One point in time, one site, late season 
Hyperion 2002 Spatial correspondence between samples and pixel spectra 
Statistical analysis of the pasture attribute assay results was performed to provide an 
understanding of the inherent variation in the pasture sample sets for each attribute and 
thereby the spectral separation potential (Jago 1998). Descriptive statistics were derived for 
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the logical sample subsets intended for comparison with spectral data. Basic relationships 
between the attributes were also assessed to evaluate interdependencies that could influence 
the interpretation of results from analysis with spectral data. This information is also 
important when attempting to develop methods for prediction and assessment of the levels 
and ranges that may be detectable by spectrometry as the inherent ranges affect stability and 
portability of calibration equations developed from the data.  
3.5.1 Pasture sample descriptive statistics 
The descriptive statistics derived from the biochemical or attribute assay results for the 
different analysis levels and pasture samples are summarised in Table 80 to Table 87, 
Appendix C. They include data for all samples and samples corresponding to the subsets of 
ASD in situ spectra, and HyMap and Hyperion image spectra. The descriptive statistics 
consists of the number of samples (n), minimum value (min), maximum value (max), average 
value (mean), standard deviation (SD or Std Dev) and the coefficient of variation (CV or 
coeff. of var) as well as distribution descriptors such as kurtosis, skewness and test for 
normality (Shapiro Wilks). 
Box and whisker plots of the descriptive statistics for each pasture quality attribute are 
included here to introduce the inherent variation in the sample sets corresponding to in situ 
ASD spectra and hyperspectral image spectra, and subsets thereof (Figure 25 to Figure 30). 
The reason is that these differences have implications for the analysis of the spectral data. The 
plots for ‘all pasture samples’ are included for comparison to represent the largest possible 
‘population’ of the research temperate pastures. The plots show similar patterns between 
subsets for the six attributes. In general, it can be observed that the ranges are larger for the 
assay data corresponding to the in situ ASD spectral data than the HyMap or Hyperion image 
spectra for all attributes except for cellulose (Figure 30) where the Hyperion samples show a 
similar range to the ASD in situ samples. 
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Figure 25 Box and whisker plots showing descriptive statistics for chlorophyll for all sample sets. Min and Max 
(bar ends), Mean (square dot), Median (box cross bar), 25th and 75th percentiles (box), 10th and 90th 
percentiles (cross bars) 
 
Figure 26 Box and whisker plots showing descriptive statistics for water for all sample sets. Min and Max (bar 
ends), Mean (square dot), Median (box cross bar), 25th and 75th percentiles (box), 10th and 90th 
percentiles (cross bars) 
 
Figure 27 Box and whisker plots showing descriptive statistics for crude protein for all sample sets. Min and 
Max (bar ends), Mean (square dot), Median (box cross bar), 25th and 75th percentiles (box), 10th and 
90th percentiles (cross bars) 
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Figure 28 Box and whisker plots showing descriptive statistics for digestibility for all sample sets. Min and Max 
(bar ends), Mean (square dot), Median (box cross bar), 25th and 75th percentiles (box), 10th and 90th 
percentiles (cross bars) 
 
Figure 29 Box and whisker plots showing descriptive statistics for lignin for all sample sets. Min and Max (bar 
ends), Mean (square dot), Median (box cross bar), 25th and 75th percentiles (box), 10th and 90th 
percentiles (cross bars) 
 
Figure 30 Box and whisker plots showing descriptive statistics for cellulose for all sample sets. Min and Max 
(bar ends), Mean (square dot), Median (box cross bar), 25th and 75th percentiles (box), 10th and 90th 
percentiles (cross bars) 
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The samples are dominated by observations made at mature stages of pasture development 
and the ranges and descriptive statistics show a lack of high values of digestibility and crude 
protein in the assays corresponding to image spectra, which are generally more representative 
of the status of the paddocks than the in situ spectra. Consequently ranges of the image 
spectra samples are in general more narrow, at least if the samples from March 2001 are 
excluded. This can also be explained by the initial sampling method where the intent of the in 
situ spectra sampling was to produce reference spectra, that would make up the outer edges of 
the pasture data cloud. Pure species spectra included weeds that are not dominant in the 
paddocks. The ranges for all attributes are comparable to ranges for pasture species as 
reported by other researchers (Table 24) except perhaps for crude protein, water and lignin. 
The typical leaf nitrogen concentrations of the ryegrass component of dairy pasture in New 
Zealand have been observed to range from 2–5% by mass (Lamb et al. 2002), which 
corresponds roughly to a crude protein content of 12.5-30%. The research data contain several 
lower values. The difference in range between in situ spectra samples and image spectra 
samples are more marked for some attributes, e.g. chlorophyll, crude protein and lignin.  
Water content ranges for the in situ spectra contain some very low values, which is explained 
by some very senesced samples being included in the analysis set. The chlorophyll ranges 
show the opposite pattern. Here the in situ spectra samples contain some very high values not 
present in the image spectra samples, explained by samples of pure clover and leaf rosettes of 
flatweed, docks and sorrel collected. Similar patterns of higher values are seen for crude 
protein and digestibility. For lignin the issue of range is not as clear. Lignin ranged from 2.15 
– 25.9 % for the in situ spectra. The upper values, i.e. above 19%, that could be deemed 
unrepresentatively high come from samples of Cape weed and Docks (Flinn 2003). The 
former is a common ingredient in pastures and usually does not have values of lignin above 
14%. Higher values are more comparable to that of woody vegetation, ~15–30% (Martin, ME 
& Aber 1997). The range is relatively wide but most samples were within the range between 2 
and 10 %.  
For most of the research sample sets both water and lignin show attribute distributions that are 
unlikely to be from normal distributions as determined by the Shapiro-Wilk’s test (p<0.05) 
(Table 23), source data is given in Table 88, Appendix D.  
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Table 23 Summary of result of normality testing using Shapiro-Wilk’s test. p>0.05 is highlighted in grey. Yes 
suggests normal distribution and No, non-normal. 
Subset Chlorophyll 
 (a+b) mg/g 
%Crude 
protein of 
DM 
%Digestibility 
 of DM 
Water mass 
mg/g 
%Lignin 
of DM 
%Cellulose 
of DM 
All pastures No No* No Yes No* No 
ASD-all No No* No* No No Yes 
ASD-2000 No* Yes Yes No No* No 
ASD-2002 Yes No* Yes No No No 
ASD-no-weeds No No No No No Yes 
HyMap-all Yes No No No No No 
HyMap-2000 Yes Yes Yes No Yes Yes 
HyMap  
2001 
– Yes Yes – Yes Yes 
Hyperion- 
all 
No* No Yes Yes No* Yes 
Hyperion-area 
transects 
No* No Yes Yes No* Yes 
*log normal distribution indicated  
Six of the subsets of cellulose are likely to be drawn from a normal distribution; five of the 
digestibility subsets. For all pasture samples only water reach the values indicating normal 
distributions, for the samples corresponding to all ASD field spectra only cellulose and for the 
subsets from 2002 this is the case for chlorophyll and water. The assays for all attributes but 
water are normally distributed for the pasture samples corresponding to HyMap image spectra 
from 2000. The results for the pasture samples corresponding to Hyperion spectra on the other 
hand show a different picture with normal distributions for digestibility, water and cellulose. 
A log normal distribution (indicated by asterisk in Table 23) was approached for four subsets 
of lignin, for chlorophyll and crude protein for three subsets each (not the same ones), one 
subset for digestibility and none for cellulose. Sometimes attribute values approaching non-
normal distributions are transformed to conform to normality. For example, nitrogen values 
being typically less than 10% can require log normal transformation (Ferwerda & Jones 
2005). However, because of the variation in distribution characteristics between attributes and 
sample subsets no transformations were applied and use of parametric statistics for derivation 
of relative errors in subsequent analyses was avoided. 
Different numbers of pasture samples corresponding to the in situ spectra and image spectra 
were analysed for the six attributes. The difference in sample numbers between attributes are 
mainly due to sample collection and processing errors.  
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An aspect of inherent sample variation can be assessed by using a ratio of statistical attributes. 
A common coefficient of variation, CV, is the standard deviation divided by the mean. This is 
a measure of relative attribute variability and can be used to compare variability, which could 
cause detectable variation in the reflectance spectra (Jago 1998). The variation either side of 
the average is considered more important for low mean values than for high, so a high CV 
means that there is more variation relative to the mean (Harrison 2006). The CV could be 
considered really high only for the chlorophyll values for the samples corresponding to the in 
situ spectra (ASD-all). 
For all samples the coefficient of variation is highest for chlorophyll, followed by lignin, 
crude protein and water. Relatively low values are shown for digestible DM and cellulose. For 
the ASD-all samples there is a similar pattern. Overall the coefficients of variation indicate 
‘high’ variability (LaCapra et al. 1996). The coefficients of variation for the image spectra 
samples follow the same relative pattern as for the field spectra samples but are overall lower. 
An exception is water mass, which showed slightly higher variation compared to the ASD-all 
samples. 
It is obvious that the differences between the in situ spectra samples and the samples 
corresponding to image spectra are greater for some attributes than others. Crude protein, 
digestible DM, water and cellulose have very similar CVs whereas for lignin the difference 
between the two sample groups is larger. This is important to keep in mind when comparing 
the results from in situ spectra and image image spectra analysis, since predictive capacity 
relates to the range of values the calibration equations are based on. 
A comparison between time of year or sampling opportunities showed clear differences for all 
pasture samples, which is to be expected since the difference in greenness of the pastures is 
large between for example October and March. However, the variation within the sample 
times is also quite large showing that attribute sample values corresponding to spectra and 
imagery captured for pastures in Victoria could vary substantially within a capture set and an 
image scene. 
The number of samples available differ between the dates with higher numbers for December 
2000 (~100) and January 2002 (~60), and lower for March 2001 (16) and October 2002 (20). 
There is big variation within the two main sampling times, December 2000 and January 2002, 
mainly because of character differences relating to management (for example dairy and 
sheep/beef) and pasture species (for example low lignin values of ryegrass pastures at 
Ellinbank and higher lignin values of unimproved pastures at the PVI). For the March 2001 
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subset the lignin values are not substantially higher than for December which could have been 
expected with more mature/senesced pastures. The high lignin values occur rather for some of 
the weeds (Docks, Capeweed and Sorrell, Dec 2000), flowering white clover (October 2002) 
and for ryegrass pasture samples containing a high proportion of flowering seed heads 
(January 2002) which despite high lignin values have average digestibility values. Large 
difference in lignin ranges have also been shown between monocotyledons and dicotyledons 
in research into leaf biochemistry (Jacquemoud et al. 1995b). 
Many more discussions regarding the variation between sites and dates can be undertaken 
when reviewing the distribution statistics but will be limited here since the main aim is to 
demonstrate the variation naturally occurring within a date and across sites captured by the 
sampling. The inference is that when the aim is to investigate and develop methods for 
prediction using spectral data it is important that the variation in the material used for 
modeling is as far as possible representative of likely future samples. This is not achieved 
absolutely with the sample range corresponding to the ASD in situ spectra not covering the 
upper sampling ranges of the samples corresponding to the HyMap spectra, for example for 
cellulose in the March 2001 pasture samples (Figure 30), and lower sampling ranges of these 
samples for crude protein (Figure 27) and digestibility (Figure 28). 
Biochemical ranges vary significantly in natural vegetation and values are available for many 
types but data on the actual variation in grasslands and pastures are few. In Table 24 the 
ranges in this study are compared to three others. Australian Feed Composition Tables 
(Ostrowski-Meissner 1987), published by the CSIRO, list comprehensive values for several 
biochemicals and for many species and species combinations. It is hard however to compare 
directly since many parameters such as stage of maturity, treatment etc vary and no 
summaries are available. Each table is usually for a specific part of a plant. An attempt at 
summarising the most relevant tables has been done by taking the mean and maximum for 
each biochemical and for all tables considered covering a potential component of the pastures 
in this study. The result is listed in the second column in Table 24. The data from which the 
summary has been extrapolated are included in Table 93, Appendix E. The third column holds 
data from Jago (1998) covering British grasslands and the data in the fourth column are 
interpreted from graphs in Vazquez-de-Aldana et al. (2000) over semi-arid grasslands in 
Spain. The first column lists the value range obtained in this study for all samples.  
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Table 24 Comparison of biochemical ranges in grassland plants between studies. All values are expressed on a 
dry matter basis. Nitrogen values for this study are derived from dividing crude protein values with 
6.25 (Daniel 2003) 
  This study 
Chl n = 177 
Water n = 174 
CP n = 205 
Lignin n = 212 
Cellulose n = 212 
(Center for the 
Study of Earth 
from Space 
(CSES) 2004) 
CP n = 45 
lignin n = 3 
cellulose n = 11 
(Curran et al. 
2001; Kokaly 
& Clark 
1999)  
n =21 for all 
(Tsai & Philpot 
1998) 
n= 537*  
  Temperate 
pastures 
Temperate 
pastures 
Temperate 
grassland 
Semi-arid 
grasslands 
Chlorophyll min 0.0  0.68  
 max 1.94  1.90  
Water min 17.86  369.8  
 max 898.9  494.8  
Crude Protein min 4.39 0.75  ~5 
 max 30.45 33.45  ~20 
Nitrogen min 0.70  1.02  
 max 4.86  1.72  
Lignin min 2.15 4.6 0.65 ~2 
 max 25.9 8.04 3.81 ~8 
Cellulose min 10.65 23.55 21.21 ~19 
 max 36.68 27.4 24.33 78 
*values are interpreted from graphs. 
The biochemical ranges found in the pasture samples of this research are comparable to 
pasture ranges listed by these other researchers. However, none of the other studies 
encompass ranges quite as wide for any of the attributes but crude protein. More specific 
values have been quoted by for example Skidmore & Schmidt (1998) who stated that nitrogen 
content in grassland species range from 2–4% which would translate to 12.5 to 25% CP using 
a factor of 6.25. This range is smaller than the one represented by the data in this research. 
The content of lignin in plant materials ranges from ~2.5–35% of the dry weight (Card et al. 
1988; Jacquemoud et al. 1995b; Peterson et al. 1988).  
3.5.2 Attribute correlation of samples corresponding to in situ spectra 
The level of correlation between attributes is important for several reasons. Some attributes 
would be expected to be positively or negatively correlated because of the relationship 
between their abundance in living vegetation and the phenological changes that occur during 
the life cycle of plants (section 2.3). For example chlorophyll and nitrogen/protein is likely to 
correlate since the amount of chlorophyll present determines the productivity early in the 
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growing season. Water content is likely to also correlate with chlorophyll because green 
growing plants usually have high water content. Digestibility is related to nutrient 
concentration and would be expected to show some correlation with chlorophyll and crude 
protein and a negative correlation with the fibres cellulose and lignin. 
Another aspect is that correlated attributes may indicate a possibility to predict levels of one 
using the absorption properties of another (Jago 1998). However, high correlation between 
attributes may also mean that spectral ranges/positions highlighted in relationship analysis for 
one attribute may actually relate closer to a correlated attribute than the actual attributes bio-
chemical absorption features and consequently produce erroneous conclusions. 
Using the 47 samples available for the assay corresponding to the in situ spectra and in 
common to the six attributes, the correlation and the significance probability p-values were 
estimated using multivariate regression. A scatter plot of the correlation matrix including 
correlation coefficients for the six biochemicals is shown in Figure 31.  
 
Figure 31 Scatterplot matrix of correlation between the six pasture attribute assays (n=47) corresponding to the 
ASD in situ spectra. The 95% confidence level is marked with a red line. Correlations significant at 
99.9% are highlighted with bold type face. 
The significance of the correlations between attributes was determined using the calculated p-
values from tables of two-tailed Student’s t-distribution (Clarke 1969). The p-values for most 
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attribute correlations are highly significant1 (p-value <0.001) except for lignin with all other 
attributes but with crude protein (R=0.48). The highest correlation (-0.87) was between 
digestibility and cellulose followed by digestibility and water (R=0.80) both highly expected 
because as fibre content increases the digestibility is reduced and high digestibility is usually 
related to high water content.  
The pairwise correlation between the six attributes (Table 90, Appendix D) using the 
maximum number of variables available for each attribute showed that the increase in the 
number of samples in common for the attributes had varying effects on the correlation. 
Chlorophyll versus the others showed a slight decrease in correlation for all but lignin (slight 
increase). A slight increase was evident for crude protein versus digestibility and cellulose 
and a small decrease with lignin. The non-significant positive correlation between lignin and 
digestibility changed sign to negative and the reverse resulted for lignin and water. The 
significant negative correlations between cellulose and digestibility, crude protein and water 
all decreased somewhat. The most notable change was for the non-significant negative 
correlation between cellulose and lignin to a significant negative correlation (-0.52) for which 
at least a weak positive correlation would be expected as senescing of pastures would lead to 
an increase in the content of both. 
3.5.3 Attribute correlation of samples corresponding to image spectra 
The correlations between attribute assays from the samples corresponding to the HyMap and 
Hyperion image spectra are partly different to those corresponding to the ASD in situ spectra. 
The strong correlation between attributes such as digestibility, crude protein, and water as 
well as for cellulose, and crude protein and digestibility, remained similar between the three 
major sample sets (ASD-all, HyMap-all, Hyperion). However, the pairwise correlations 
showed different strengths and signs for the sample subsets (Table 91 and Table 92, Appendix 
D). For example, for the ASD-all sample set there is a significant positive correlation between 
lignin and crude protein (0.33), this is negative for the samples corresponding to the image 
spectra subsets. For both the samples corresponding to in situ spectra and the Hyperion 
spectra there is a significant negative correlation between cellulose and lignin. Only analysis 
                                               
1The decision as to what level of significance will be treated as really ‘significant’ is arbitrary but in many 
sciences results that yield p≥0.05 is considered borderline significant, p≥0.01 significant and p≥0.005 or 0.001 
highly significant (Statsoft Inc. 2004, Chapter on Elementary Concepts). 
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of the assay data corresponding to the HyMap image spectra showed a significant positive 
correlation between lignin and cellulose (R=0.64), which would be expected to a certain 
extent given the general increase in fibre content with plant maturity.  
3.6 Summary and discussion 
The description of the pasture sample collection, collation and sample analysis including the 
statistical analysis of assay results have shown that there is a large environmental variation 
between the study sites and hence in the attribute values sampled from the temperate pastures 
at each location. A rather large diversity of paddock types, species content and productivity 
was present across the three sites. The temperate pastures at Ellinbank were green and lush 
and the intensive and controlled grazing rotations had resulted in rather low species diversity 
and subsequent assay ranges. Vasey was dominated by unimproved pastures also with limited 
variation, and the PVI (and Delaney/Browns) paddocks displayed a wider range of pastures; 
native, unimproved and highly improved, although the samples from the LTPE in March 2001 
showed the smallest ranges of all.  
The reasons for pasture heterogeneity are many and include preferential grazing of the species 
whose occurrence in turn are a function of differences in climate, soil, moisture, slope, 
grazing management, sowing, fertilising etc. including management history. However, the 
sample variation is also partly due to the purpose of the sampling being different in order to 
correspond to the spectral data and because of the difference in sampling time between 
December and March. 
A number of issues relating to the collection, collation and analysis of the pasture samples 
were encountered. The experience gained emphasised that at all times is it essential to try to 
understand the nature of the variation present so that any errors in data supplied by others can 
be discovered and rectified as far as possible. Some problems such as lost samples or 
unintentional handling errors seem to be unavoidable but trying to remedy or analyse impacts 
can also contribute to better understanding of sampling issues and the nature of the data at 
hand. 
The biophysical matrix highlighted the variation, complexity and interrelationship of 
attributes of the samples and possible implications for the spectral data. No significant 
relationship between the six subjective biophysical attributes and pasture biochemical 
attributes could be ascertained using Discriminant analysis. However, class means for 
phenology, live-dead fractions, monocotyledon-dicotyledon proportions lined up in sequential 
order along the first canonical variate axis indicating that there might be relative relationship 
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between levels. A separation of the species group classes clover and other dicotyledon from 
the others was observed which is likely to be a result of high crude protein and digestibility 
levels. 
There was clear separation visible between the secondary variable “study site” (PVI versus 
the others) and capture date. The reason for this is likely to be related to the relative greenness 
of the PVI captured spectra relative to Vasey. Sample subsetting has therefore potential to 
produce effects on the results from analysis of spectra and assay data. 
The samples were divided into subsets based on the results of the Discriminant analysis and 
the assay results analysed and compared. The final subset division reported is a result of an 
iterative process where the samples for the three spectrometers constitute a basic division of 
the samples. The descriptive statistical analysis showed clearly that the assay results varied 
depending on the sample sets and attributes. However, the comparison of the overall attribute 
ranges to data from other research confirmed the relevance and rather large ranges available 
for analysis for this research. For the subsets both ranges and distribution characteristics 
varied across subsets, which had implications for the analysis of relationships with spectral 
data, actual methods employed and resulted in caution in the use of parametric statistics for 
comparison between subsets and attributes.  
Multiple regression showed inherent relationships between the pasture quality attributes, some 
stronger and some weaker, again dependent on sample sets. The correlations between the 
pasture quality assays for the samples corresponding to the in situ spectra were similar to 
those reported by other researchers except for one combination; that between lignin and 
cellulose. Both being fibres with similar chemical composition are known to increase as 
pasture plants age and senesce, hence at least a small positive correlation would be expected. 
Therefore, the non-significant negative correlation using the samples in common to all 
attributes (n=47) was not expected and the increase to a significant negative correlation when 
using all available samples in common (n=82) highlighted the necessity to use care when 
evaluating results involving the lignin assays. Lignin was also significantly positively 
correlated to crude protein for the samples in common to all attributes where some negative 
correlation would be expected as nutrient levels usually fall with an increase in the 
lignification of the plant cell walls (Van Soest 1985). However, this is similar to Jago (1998), 
who showed statistically significant positive correlations between lignin and nitrogen, (and 
for lignin and cellulose), in a study of contaminated grasslands in Great Britain. However, the 
cellulose relationships with the other attributes in this research was as expected significantly 
negative. In addition chlorophyll in this research was significantly correlated to all others but 
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lignin. Chlorophyll is likely to correlate with nitrogen since chlorophyll is a nitrogen-based 
compound. The author showed that chlorophyll correlated significantly with all other 
biochemicals (nitrogen, water, cellulose and lignin) in her research. After further scrutiny of 
the comparisons, these were made uncertain as the significance levels reported turned out to 
not be entirely comparable since Jago (1998) was using directional levels rather than 
unidirectional which assigns significance to a wider range of correlations. However, the lack 
of expected correlation may indicate that the lignin results in this research may contain 
analysis errors that will adversely effect analysis of this attribute. 
Nearly all pasture attributes corresponding to field spectra were significantly correlated. The 
exception was lignin with all other attributes, excluding protein. The correlation patterns for 
the assays corresponding to the image spectra compared to the ones for the in situ spectra 
showed other differenc; for example only for the samples for the Hyperion spectra did lignin 
and cellulose have a significant positive relationship. 
The relationship between the biochemicals is important since some can be assumed to co-vary 
and this may have implication when trying to analyse the relationship between sample 
attribute concentrations and their spectra. If this is not taken into account an apparent 
relationship between sample spectra and a biochemical might be deduced when in reality the 
spectra is mostly affected by the absorption of a related attribute. 
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CHAPTER 4  
CAPTURE AND EXPLORATION OF  
IN SITU PASTURE CANOPY SPECTRA 
4.1 Introduction 
CHAPTER 2 discussed the potential and importance of using spectra captured of naturally 
occurring pasture canopies both for establishing relationships between hyperspectral data and 
pasture quality attributes (CHAPTER 3) and to scale up from localised ground based 
measurements to pixel based responses obtained from aircraft and satellite hyperspectral data. 
This chapter addresses part of task two supporting the research aim: ‘Compare analytical 
methods and approaches including spectral enhancements, data reduction methods and 
sample subsetting to evaluate effects on the capacity of spectrally derived prediction models 
to resolve variations in pasture quality levels’ by providing the context for the pasture spectra 
such as information on the characteristics of spectrometer used, measurement specifics and 
processing applied to enhance the spectral data, including preliminary investigation into the 
variability and relationship between the spectra. 
The chapter describes the work undertaken to explore the nature of the pasture canopy 
spectral signatures captured in the field and their preparation for the subsequent analysis of 
relationships with pasture sample attributes. It aims to provide an understanding of the issues 
relating to the field spectrometer used, the capture missions, the nature of the spectral 
signatures captured and the reasons for and details of specific processing steps, 
transformations and the results of some initial exploration of spectral properties. The pasture 
canopy spectral signatures captured at ground level with a field spectrometer are subsequently 
referred to as “in situ spectra”. 
The in situ spectra capture and processing steps are listed in the left column of the chapter 
overview diagram in Figure 32, with the main components of each step to the right. These 
steps correspond to the main chapter sections. The spectra discussed in this chapter were 
captured during the three separate spectral and sample capture campaigns in December 2000, 
January 2002 and October 2002 using a portable spectroradiometers (see section 1.3, Figure 
1). The two first dates coincided with the airborne and satellite overpass campaigns described 
in section 5.2.3. Field spectra were captured for a range of pasture types, pasture components 
and other materials present in the pasture environments at most of the study sites. All spectra 
were subjected to initial pre-processing to correct for instrument-generated noise (section 4.2). 
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The use of smoothing and filtering techniques was investigated to reduce instrument-
generated and atmospheric noise superimposed on the spectra.  
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Figure 32 Overview of the field spectra capture, collation, processing and transformation steps. Main steps and 
sections of CHAPTER 4 are highlighted in bold in the leftmost column with associated details in boxes 
to the right. 
Mathematical transformations were applied to the reflectance spectra sets and final spectral 
libraries created for subsequent analysis and comparison with the pasture quality attribute 
results. The processed spectra making up these libraries are summarised in the section 
describing the final selection of transform for analysis with the pasture quality attribute data. 
A preliminary investigation of the relationship between the reflectance spectra were 
undertaken using a two simple methods. 
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All desktop work was carried out on a laptop PC using MSOffice tools and ENVI versions 
3.5-4.1 and IDL version 5-6.1. 
4.2 In situ spectra measurement 
In this section the spectroradiometer used to capture canopy spectra of the temperate pastures 
is described including specifics in relation to the measurement techniques employed. It is 
followed by outlines of relevant aspects of the field campaigns undertaken for pasture 
sampling. In addition sample variables pertaining to differences in capture were identified in a 
similar manner to the biophysical matrix variables in section 3.4.1. 
4.2.1 ASD Spectroradiometer 
Pasture canopy and plant reflectance spectra were measured at the study sites using an 
Analytical Spectral Devices (ASD) spectroradiometer, type ASD FieldSpec FR Pro Portable 
Spectroradiometer and is referred to as “the ASD” in subsequent sections. The ASD measures 
light in a near continuous spectrum between 350 and 2500 nanometres (Table 2, section 
2.4.2). 
Light being measured passes through a fibre optic cable to three detectors covering separate 
spectral ranges. Separate fibre bundles within the optical cable supply light to the individual 
detector arrays. Various fore optics may be fitted to the end of the fibre optic cable to 
accommodate different measurement requirements and the fibre may also be used nude 
without a fore optic. 
The VNIR (Visible/Near Infrared) detector uses a single 512-element Si photodiode array to 
cover the 350-1000nm region, whilst two TE cooled, graded index LnGaAs photodiode arrays 
cover the SWIR (Short-Wave Infrared) regions of approximately 1000–1800nm (referred to 
as the NIR-1 region) and 1800–2500nm (NIR-2). The spectral sampling interval is 1.4 nm for 
the UV/VNIR detector and 2.0 nm for the NIR detectors; and spectra are resampled internally 
by the ASD into 2151 bands at 1.0 nm intervals. 
The spectral resolution, expressed as the full width half maximum (FWHM), is three nm 
(measured at 700 nm) for the UV/VNIR detector and 10 nm (measured at 1400 and 2100 nm) 
for the NIR detectors. In practice this means that each sample signal is a composite of the 
energy registered over three and 10 nm respectively, following a bell shaped or Gaussian 
curve. As shown by published Noise Equivalent Delta Radiance figures (NeDL) the ASD FR 
Pro the UV/NIR detector has a higher SNR than the NIR detectors (UV/VNIR 1.4x10-9 , NIR-
1 2.4 x10-9 and NIR-2 8.8 x10-9 W/cm2/nm/sr respectively). 
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4.2.2 ASD measurements 
All ASD measurements were carried out by specialists from CSIRO Land & Water in 
Canberra who also processed and converted the spectra to reflectance. The spectra were 
captured between 10.00 and 18.00 hours, with the majority (~70%) ±2 hours of solar noon. 
The field of view (FOV) of the raw fibre optic ASD-FR is 12˚ when measured as the full 
width angular response at half power of the peak response. However, for approximately 2/3 of 
the field spectra captured for this research a 5˚ fore optic was fitted to reduce the FOV and 
localise the target area being measured. This was particularly important for the measurement 
of reference spectra of smaller plant canopies to better ensure that the light from nearby 
different target types was excluded from the measurement. 
Each target measurement was preceded by a reference measurement viewing a horizontally-
mounted standardised white Spectralon panel (Labsphere® 2007) to normalise for both the 
incoming irradiance illuminating the target and for instrument condition (changes in 
spectroradiometer sensitivity due to temperature and electronic effects). This also enabled 
monitoring for changing light conditions and conversion of the measured target radiance to 
apparent reflectance. Corresponding destructive plant samples were cut after each spectral 
measurement (section 3.3.1.). 
For the December 2000 spectra measurements the 5° fore optics of the ASD 
spectroradiometer was mounted on a tripod and positioned at 0° view zenith angle. The height 
of the ASD fore optic above the ground was between 0.3 to 1.5 metres depending upon the 
required target area. No fore optic was used for the January 2002 spectral measurements and 
the height above the target pasture was ~1 metre for walked integration spectra and five 
metres above the ground when using a cherry picker. Except for the latter capture setup the 
distance from the ASD to the top of the canopy varied less and was usually about 0.4–0.5 
metres. The 5° fore optics was also used for all spectra captured in October 2002.  
The ASD had a target area of 0.27 m2 with a 5° fore optic at 1 metre height and at half this 
height the area was a circle with a diameter of approximately five cm. When using the cherry 
picker at a height of five metres above the ground with the base fibre the target area was 
approximately 6.7 m2. An illustration of the relationships between the view angle and height 
and the equations used for these the calculations are given in Figure 33. 
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Figure 33 Diagram of relationships and equations to 
calculate field of view (FOV) of ASD. After (Daniel 
2003). 
For field of view (FOV) θ; 
half angle is θ/2 
h
r
=
2
tan
θ
 
2
tan
θhr =∴  
diameter d of circle subtended by FOV is 
rd 2=  
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tan2 θhd =  
for narrow angles (such as 5˚) of θ; 
θtanhd ≅  
area A of circle subtended by FOV is 
dA pi=  
The arrangement of the optical fibres in the ASD can cause different light signals to be 
transmitted to the three detectors when viewing a heterogeneous target, resulting in steps in 
the spectra at the detector boundaries (Anderson, K 2002). This effect was minimised by 
selecting more homogenous targets and averaging the light to the detectors by moving the 
fore optic slightly in a circular motion during capture. This resulted in a slight increase in the 
area being measured. However, despite taking care to ensure that this would not be the case 
small shifts between the detectors remained in the spectra captured and these were removed as 
part of the processing before analysis (see section 2, Appendix G). 
Shadows from the legs of the tripod were avoided and the operator was dressed in suitably 
dark coloured clothing to avoid affecting the spectra. Light clothing can produce errors in the 
measurements of radiance with as much as 12% in the red and near-infrared wavelengths 
(Milton 1987). 
Validation of remotely-sensed imagery using ground-based spectral measurements can be 
difficult because of the scaling required from “point source” measurements to whole-pixel 
responses, particularly if the pixel represents the bulk response from a heterogeneous area. A 
spatial-integrating technique for the ground-based spectral measurements was developed for 
this project to help address the scaling issue. The fore optic was moved across the pasture 
canopy at a constant speed whilst the spectra are saved continuously. The area of the swath 
covered in the walking integration is the diameter d (Figure 33) of the fore optic response on 
the ground multiplied by the linear distance covered. This approach was performed using 
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either the bare optic fibre or as fitted with the five degree FOV fore optic resulting in swath 
widths of 21 and 8.7 cm respectively when viewed from 1 metre above the surface. The track 
lengths for each integration were estimated to be between 50 and 100 metres resulting in the 
total area of pasture being integrated ranging between 4.3 and 21 m2 on swaths evenly spaced 
within a ~20–30 meter square. 
The walking integration method typically produced 10-25 spectra. The heterogeneity of an 
ASD-2 (January 2002) averaged spectrum corresponding to the 30 metre size of a Hyperion 
pixel describes some of the variation within a paddock. To illustrate this, plots were created of 
two example spectra, green Ryegrass and dry Barley grass. All the spectra making up the 
average (black lines) used for analysis were plotted including the average (red line) with the 
standard deviation (green line) on a secondary axis (Figure 34).  
 
Figure 34 The 23 spectra (black lines) making up the walking average for a green Ryegrass spectra. The average 
(red line) and the standard deviation (green line) are displaced on the secondary axis for clarity. The 
standard deviation (brown line) for a dry Barley grass spectra is displayed on the same axis for 
comparison.  
The standard deviation gives an indication of the spectral regions where the spectra making 
up the average differ most. Most of this variation is in the NIR region for the green ryegrass 
and for the drier Barley grass the standard deviation (brown line) had relatively higher values 
in the middle of the NIR plateau (~1100 nm) and in the beginning of the SWIR-2 region 
around 2000 nm. Both the walking integration and the use of a cherry picker would cause an 
increase in actual FOV and SNR (Chabrillat et al. 2003). 
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4.2.3 The in situ spectra measurement campaigns 
Different methods were used to capture spectral data duiring the field campaigns. In 
December 2000 spectra were recorded of the pasture canopies at point locations. As many 
“pure” spectra as possible for the main study site LTPE were captured with only 
complementary spectra of other pasture canopy types at Vasey and Ellinbank due to the 
limited availability of the ASD and the large geographical distance between the Hamilton 
(LTPE and Vasey) and Ellinbank sites. The spectra were intended as a collection of reference 
spectra1 for comparison with corresponding pasture sample assays and the HyMap imagery 
(approximately three metre pixels). For the Hyperion overpass in January 2002 the spectra 
were collected to attempt to get ground averages for the much larger footprint (30 metre 
pixels) of the Hyperion satellite data and spectra were captured using three methods, single 
point canopy spectra, walking integration spectra and spectra from a cherry picker. In October 
2002 another ASD campaign was organised to capture spectra representative of the early 
summer growth period as a complement to the previous campaigns. ASD spectra and 
corresponding samples were collected over both some of the paddocks targeted in January 
2002 during the Hyperion overpass but also over additional paddocks deemed to increase the 
representative variation. The walking integration capture technique was mainly used in this 
campaign. The environmental conditions during the campaigns were dominated by clear skies 
and high visibility (100 km), although some cirrus and stratus cirrus were present at the PVI 
and some cumulus clouds at Ellinbank on the 7th of December, with a visibility of 40 km. 
The total number of spectra recorded (n=538) during all campaigns far exceeded the final 
number used for analysis (n=87) and included spectra before averaging and a number of non-
vegetation spectra (Table 96, Appendix G). The table also shows the difference in number of 
spectra with corresponding samples available from each campaign for the four types of 
pasture attribute analysis. 
The ASD provides the option of saving each spectrum as the mean of an arbitrary number of 
individual scans. The time required taking a single scan is specified as 100 milliseconds. 
Increasing the number of scans per spectra has the benefit of improving the SNR of a 
spectrum but also increases the time taken to complete the measurement. Consequently the 
number of scans per spectrum becomes a compromise between the number of spectra to be 
collected and the time available for the measurements (constrained by daylight and travel) 
                                                
1
 Representatives of occurring pasture plant canopies 
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thus the number of “samples per data value” also varied between capture events (Table 97, 
second column, Appendix G).  
10 samples per spectrum were used during the HyMap field campaign in 2000, 50 samples 
per spectrum during the Hyperion 2002 campaign and 200 samples per spectrum in the ASD-
2002 campaign, resulting in different proportions of single and average of multiple spectra 
from each capture campaign, producing a total of 87 spectra (51 single and 36 spectra based 
on multiple averages). 
The sampling intervals (integration times) were chosen by CSIRO staff at the time of the 
campaigns based on the application (endmember collection versus image pixel coverage) and 
the time available for capture. It resulted in a difference in the general nature of the ASD 
spectra between capture campaigns, for example some spectra from December 2000 that are 
quite noisy in the SWIR region compared to the spectra from the other two dates. Another 
reason for differences between the spectra sets was that most of the spectra for the Hyperion 
and the separate ASD mission were spatially integrated and averaged, which also has a 
smoothing effect on the spectral signatures. In addition, the differences could also be due to 
varying atmospheric conditions. 
Six samples of ASD reflectance spectra from the three campaigns are shown in Figure 35. 
They were chosen to represent the diversity of spectra that are contained in the final set of 87 
as the diversity when viewing all becomes obscured. As can be seen spectra B, E and F 
display noisier regions than the others, especially in the shortwave infrared. Corresponding 
photos of the pasture area imaged by the ASD are shown in Figure 36. 
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Figure 35 Six diverse reflectance spectra from the three campaigns. Numbers in brackets in the legend give the 
internal sampling interval used for the ASD at the time of capture. A and C were captured in October 
2002, B, E and F in December 2000 and D in January 2002. 
 
 
A-Ryegrass–clover mix 
 
B-Rough Dog’s tail 
 
C-Cape weed–rye grass mix 
 
D-Barley grass 
 
E-Foggrass–rye grass mix 
 
F-Scotch thistle 
Figure 36 Photos of the diverse pasture types (A–F) corresponding to the spectral measurements in Figure 35.  
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ASD-1 Spectra collection, December 2000 – HyMap campaign 
The ASD reflectance spectra for the HyMap mission were captured during two days. On 
December 5, 2000, 31 spectra were captured at the main study site the LTPE at the PVI, then 
six were captured at Vasey, and the next day, 22 spectra were captured at Ellinbank.  
The aim of the December 2000 spectra capture was to capture the diversity and inherent 
variation of the pastures over flown with the HyMap imaging spectrometer as the portability 
of any prediction algorithms developed needs to be based on a range that is likely to be 
encountered at other sites (Kokaly & Clark 1999). These spectra comprised the main pasture 
communities dominated by different grass species which would make up pasture pixel 
constituents. A certain amount of mixed species occurred also in the types dominated by the 
main grass species. Several stages of phenology and canopy types (for example erect or 
fallen) were described as part of the inherent variation (section 3.4.1) and constituted 
additional reference spectra. Pasture species and objects for which single look spectra were 
captured included: 
• dominant grass species, for example Ryegrass, Phalaris, Barley grass, Fog 
grass, Wallaby grass and Rough Dog’s tail (n=17); 
• less common grasses or grasses only occurring in mixes, for example 
Paspalum, Cocksfoot, Blown grass, Poa, Sweet broome, Silver grass (n=9); 
• occurring weeds Sorrell, Scotch thistle, Flatweed, Capeweed and Docks 
(n=14); and 
• other dicotyledons such as White Clover and White Clover dominated mixes 
(n=7). 
All in all 50 vegetation reference spectra were collected. Samples of the pastures were cut at 
the same time, i.e. the spectrum was recorded and then a sample of the target pasture was 
removed for subsequent analysis of biochemical and other pasture quality attributes. Since the 
target area was very small more sample than was actually within the fore optic FOV was cut 
to ensure enough sample for analysis. This introduced a source of error because the sample 
was then not truly representative of the target area. However, as much care as possible was 
taken to ensure that the correspondence was as good as practicable. However, despite this 
approach there was still insufficient quantity for destructive analysis for some samples (from 
Ellinbank), because of underestimating the fresh amount needed to procure enough dry 
sample for fibre analysis (section 3.3.5). For the subsequent field spectra collection campaigns 
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care was taken to gather enough and as homogeneous samples as possible for analysis, 
especially if likely to contain large amounts of water. 
Eight of the 50 vegetation spectra captured could not be used resulting in a subset of 42 
reflectance spectra from December 2000 being used in subsequent comparative analysis. The 
plot of the ASD-1 reflectance spectra show a large variation in shape (Figure 127, Appendix 
G). Many spectra displayed classical green vegetation shapes with high absorption in the red 
wavelength region, clear water absorption features in the NIR and low SWIR values without 
pronounced absorption features. Several display limited absorption in the red region, flattened 
shapes in NIR and higher overall values in the SWIR with clearly visible absorption troughs. 
The atmospheric attenuation at 1400 nm and 1900 nm was evident as was instrument-
generated noise in the SWIR-2 region. 
ASD-2 Spectra collection January 2002 – Hyperion campaign 
The aim with the ASD capture during the Hyperion mission was to capture spectra along 
transects and averages to allow for experiments with scaling, i.e. from field spectra to satellite 
image spectra. A larger footprint or FOV representing a pixel size of ~30 metres was captured 
with the spectra representative of the whole area. Hence the ASD field spectra set from this 
mission contain only a few single look spectra similar to the ones capture during the HyMap 
mission and the set is rather dominated by transect or area averaged spectra. A few spectra 
were also captured with a cherry picker and included in the analysis but this method was very 
cumbersome and not further employed. Instead the walking integration approach was 
employed (section 4.2.2). Most of the spectra from this field campaign were captured this way 
(Table 97, Appendix G). Destructive sampling of the pasture was done at random within the 
target area following the spectra capture. The spectra were then collated and averaged to 
represent the actual pasture sample collected. 
The plot of the ASD-2 reflectance spectra in Figure 128, Appendix G, show a mixture of 
shapes. There are many displaying classical green vegetation shape with high absorption in 
the red wavelength region with clear water absorption features in the NIR and low SWIR 
values without pronounced absorption features. There are also many displaying limited 
absorption in the red wavelength region, flattened shapes in NIR and higher overall values in 
the SWIR with pronounced absorption features. Compared to the ASD-1 spectra they are not 
as noisy in the SWIR. 
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ASD-3 Spectra collection October 2002 
Both the HyMap and the Hyperion campaigns took place in the mid summer season. 
Therefore further ASD ground spectra from the October 2002 early summer season were 
captured in order to add “greener” spectra to the data. The spectra were captured on October 
31. The weather was fine with clear skies but with temperatures and radiation a lot lower than 
in January (Table 74, Appendix A). The spectra were recorded over the same paddocks as in 
the Hyperion mission as far as was possible but adding a few other spectra considered 
important such as pure white clover pasture. This time four spectra of “single cut” samples 
were recorded and 16 were captured with the “walking average” method resulting in 
integration of spectra over roughly 10-30 metre diameter homogenous areas, with pasture 
samples cut at random within the same area. When capturing ASD spectra care was taken to 
avoid any areas with soil showing through the pasture canopy. In total 20 spectra were 
captured. 
The ASD-3 reflectance spectra (Figure 129, Appendix G) were dominated by spectra with 
classical shape of green vegetation with high absorption in the red wavelength region, clear 
water absorption features in the NIR, and SWIR values of max 20% reflectance and without 
pronounced absorption features. As with the ASD-2 spectra the SWIR is much less noisy 
compared to the ASD-1 spectra. 
4.2.4 Matrix secondary variables 
As discussed in section 3.4, a number of secondary variables related to parameters other than 
biophysical vegetation related ones were constructed. They were used to evaluate possible 
grouping effects inherent in the spectra that could bias the results from an analysis of 
relationships between pasture quality assay data and spectral data. The additional parameters 
not covered previously included the time of day the spectra were captured (n=5), the type of 
spectra recorded (n=3) and ASD internal averaging (n=2). Their relationship with the spectra 
was assessed using discriminant analysis. 
Spectra capture time 
An aspect of capture thought to possibly influence the sampling based variation in 
illumination conditions and the change in the shadow component was the time of day that the 
capture took place (section 2.4). 
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Six classes were used for the capture times (Table 25). Class 1 represents solar noon and the 
others different number of hours before or after noon (Eastern Standard Time, EST or 
GMT+10). 
Table 25 Look up table for spectra capture time of day. 
Spectra capture time Description n 
1 12.00–13.00 hours 19 
2 11.00–12.00 hours or 13.00–14.00 hours 24 
3 10.00–11.00 hours or 14.00–15.00 hours 17 
4 15.00–16.00 hours 17 
5 16.00–18.00 hours 10 
 
The solar elevation varied for the ASD captured data but the conversion to reflectance before 
undertaking any comparative studies between study sites and times was deemed to 
compensate for differences in capture times. The effects of the difference in solar zenith angle 
(latitude, time of year) between the study areas was considered small enough to not be 
important for the type of analysis employed in this study.  
Spectra type 
In the December 2000 mission ASD reference spectra were collected. Many species and 
canopy structures were captured with a single spectrum at close range. For the later missions 
ASD spectra were captured to provide spectral signatures over pasture canopies for 
comparison with image pixel spectra by the cherry picker and walking average. The 87 ASD 
spectra were therefore divided into three main classes of types of spectra (Table 26). 
Table 26 Look up table for spectra type. 
Spectra type  Description n 
1 Single look 53 
2 Cherry picker average 3 
3 Walking average 31 
 
However, a “single look” spectrum from ASD-Jan-2002 or ASD-Oct-2002 campaigns is not 
the same type of “single look” spectrum as those from the ASD-Dec-2000 because of the 
difference in internal sampling rate (section 4.2.3). Because the single look spectrum types 
were recorded over a much more limited pasture canopy from a spatial point of view than the 
spectra from the other two classes they were integrated. There were also differences in the 
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number of spectra included in the walking average not taken into account by the 
classification. 
ASD internal spectral sampling 
The ASD internal sampling rate constituted three classes . Because of the smoothing affect of 
the higher internal spectral sampling rates of class 2 and class 3 and because they correspond 
to the three ASD capture times (Table 20), the two higher sampling rates were integrated, 
resulting in two classes with approximately equal number of spectra (Table 27). This is also 
justified by the difference in collection method, being walking integration for class 2. 
Table 27 Look up table for the spectra averages. 
Internal spectral sampling  Description n 
1 10 42 
2 50 or 200 45 
Other factors 
Soil contamination of pasture samples (potentially influencing NIRS assays for crude protein 
and digestibility) is an unresolved issue for NIRS spectroscopy. It could be having an 
unaccounted for influence on a few of the in situ spectra, but there is also possible soil 
background included in the image spectra which means that all three data sources could have 
a soil component influencing the spectral responses. As actual soil spectra from plots where 
soil is showing through were not available for further investigation, the use of derivatives and 
continuum removal, stated to have a reducing influence on soil background on spectra, were 
methods employed to mitigate any potential soil background effects. 
4.3 In situ spectra processing 
In order to adequately compare spectra to assay data a number of processing steps were taken 
to enhance the spectral signals and convert them to a suitable format for further analysis. 
These steps fall into two groups, processing and transformation. The processing steps 
included removal of detector shifts, removal of “bad” bands and application of smoothing 
filters and in general follow established procedures. Further details are provided in Appendix 
G. The transformation step involved applying a number of mathematical treatments to the 
processed reflectance spectra and subsetting the spectra to major absorption features before 
transformation.  
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4.3.1 Smoothing of ASD spectra 
The field spectra captured with the ASD contain different noise levels between spectra 
depending on the instrument setup, the number of spectrum averages per spectra, and the 
number of transect spectra corresponding to a field sample, and a varying SNR depending on 
the strength of the incoming light which was dependent on the time of day the spectra was 
recorded and to certain extent on levels of haze obscuring the light. 
The amount of noise in each spectrum is not the same in different regions of the 
electromagnetic spectrum with the SWIR being increasingly noisier than the near NIR and 
VIS. 
As discussed in section 2.5.3, it is common to smooth the spectra to reduce noise, especially 
when applying log and derivative transforms to spectra prior to analysis. Various smoothing 
algorithms can be used and the purpose of the application should influence what methods are 
used.  
Research into the effects of smoothing was undertaken because the optimal filter size for 
removing noise without altering real spectral features depends both on the particular spectra 
and the smoothing algorithm (Tsai & Philpot 1998). The balance needed in the result of the 
smoothing is to remove as much noise as possible without loosing information that is of 
importance and under investigation. Savitzky-Golay (1964, cited in (Rollin & Milton 1998, p. 
88) stated that the reduction in noise is equated to the square root of the number of points 
used, which means for example that a nine point filter would cause a three-fold improvement 
in the SNR. 
When comparing the effects of two smoothing algorithms one needs to look at the purpose of 
the smoothing, i.e. the reduction of the noise and the enhancement of wanted features, i.e. 
improvement of signal quality. The effects could only be assessed by actual “trial and error” 
work. A number of filter sizes and two filtering methods were trialled in order to determine if 
there was an optimum way of removing noise from the spectra at the same time as enhancing 
them. 
The imperative for applying smoothing to the in situ spectra was the potential to remove noise 
and enhance true absorption features. Savitzky-Golay filters were created and applied using 
an established ENVI-IDL routine called SAVGOL in combination with a filtering routine 
called CONVOL. Because the Savitzky-Golay approach as applied in ENVI is in a sense a 
“black box” approach, a comparison of applying the first degree “SAVGOL” polynomial and 
a same size average filter (boxcar) was undertaken. The former is meant to work as a simple 
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average filter and the comparison confirmed that the results were similar apart from a slight 
rounding difference in the fifth decimal for a few values. 
Since the size, i.e. depth, width and area, of the absorption features under investigation are 
important discrimination features it was thought that the Savitzky-Golay filter, 2nd degree 
polynomial which preserves these overall attributes of the signatures would be the most 
suitable. However, a visual assessment of the effect of the types of filters and filter sizes was 
undertaken. 
The two types of filters assessed were Savitzky-Golay filtering using 1st degree polynomial 
and 2nd degree polynomial.  
Six filter sizes were trialled for the two types of filters (Table 28). 
Table 28 Smoothing filter sizes (nanometers) used. 
Actual filter size 
in nanometres 
No of kernels (either side 
of centre wavelength) 
7 3 
11 5 
21 10 
31 15 
41 20 
71 35 
 
The filter sizes were denoted 11-1, 7-1, 71-2, etc., and the first number refers to the size of the 
filter and the second to the polynomial degree. Using the Savitzky-Golay filter with a first 
degree polynomial tended to create a “shallowness” of existing absorption features especially 
for the absorption features in the SWIR at 2100 and 2300 nm (2260 nm). In contrast, the the 
application of a second polynomial filter created a spectrum more true to the original 
reflectance spectra (Figure 37 and Figure 38).  
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Figure 37 Comparison of smoothing effects using different size filters and polynomials on an ASD reflectance 
spectrum (internal sampling average=10). LTPE #90 Hay outside Pd 8, December 2000. 
 
Figure 38 Comparison of smoothing effects using different types and size filters on an ASD reflectance spectrum 
(internal sampling average=50). #Pd 68 PIF., January 2002. 
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The spectra in Figure 37 were recorded at the first field campaign with an internal sampling 
rate of 10 and the spectra shown in Figure 38 were recorded in the second field campaign and 
an internal sampling rate of 50 was used but the spectra were captured with walking 
integration and consisted of 24 spectra before averaging. As can be seen the averaged spectra 
of the latter are much smoother before having the filters applied and the filters hence show a 
lesser smoothing effect. 
Rollin and Milton (1998) point out that Savitzky and Golay (1964), had estimated that noise is 
reduced approximately as the square root of the number of points used which means that 
smoothing over five, nine and 17 points (as was performed) would mean an approximate 
double, three and four times improvement in the signal-noise ratio respectively.  
An example of ambiguous results from applying smoothing filters 
However, it is when filters are applied to transformed spectra that the effects become more 
diverse. An example of this is shown from some initial research, undertaken to compare red 
edge parameters derived from the spectra and pasture chlorophyll values, which highlighted 
significant variations in the effect of the application of the smoothing filters. 
The reason for this investigation primarily started when it was found that a simple linear 
regression analysis of the red edge inflection point (REIP) versus chlorophyll displayed an 
interesting pattern (Figure 39 a). 
a) 
 
b) 
 
Figure 39 Scatter plots of REIP values versus chlorophyll (a+b) concentration. a) ASD reflectance spectra b) 
ASD reflectance spectra smoothed with a 35 nm Savitzky-Golay 2nd degree polynomial filter  
The REIP of the ASD reflectance spectra were calculated using an ENVI_IDL module 
developed by CSIRO, Land and Water, Remote Sensing Group, called “Vegspectra” (CSIRO 
Land and Water 2001). When displaying a scatter plot of chlorophyll versus REIP calculated 
for the reflectance values, a concentration of samples could be seen around 718-719 nm. At 
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closer inspection it was found that a feature, at 718-719 nm, disturbs the red edge derivative 
analysis. This feature, which is virtually invisible in the red edge of reflectance spectra but 
produces many and significant signal peaks in the first and second derivative reflectance. The 
REIP calculations as applied in “Vegspectra” uses either the second derivative (if it has only 
one zero crossing in the red edge), or alternatively, the maximum of the first derivative and 
the calculation is very sensitive to peaks in this area. It turned out that the calculated REIP for 
nearly half of the 87 ASD spectra were located in a very narrow wavelength interval, 718-719 
nm.  
With some experimenting it turned out to be necessary to use a 71 nm filter to properly reduce 
the effect of this feature (Datt 2002). Figure 39 b shows the dispersion of data points after the 
reflectance has been smoothed with a 71 nm Savitzky-Golay second polynomial filter.  
Figure 40 a shows the minimal visual effect that 31 nm and 71 nm filters have on the 
reflectance in the red edge. In Figure 40 b, the ”squiggle” shaped change on the second top of 
the double peak was clearly visible in the first derivative (in black) and became a series of 
crossings of the zero line in the second derivative (in blue). 
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a) 
 
b) 
 
c) 
 
d) 
 
Figure 40 Smoothing effects in the red edge on reflectance and derivative reflectance of a ASD ryegrass 
spectrum. The red edge region 680–750 nm is marked with a red box. a) Reflectance (black), 31 nm 
(yellow) and 71 nm (red) filters. b) 1st derivative (black) and 2nd derivative (blue) reflectance. REIP = 
718.7 nm. c) 1st derivative (black) and 2nd (blue) derivative reflectance smoothed with a 31 nm 
Savitzky-Golay 2nd polynomial filter. REIP = 724.7 d) 1st derivative (black) and 2nd (blue) derivative 
reflectance smoothed with a 71 nm Savitzky-Golay 2nd polynomial filter. REIP = 721.5 
The effect was reduced with a 31 nm filter (Figure 40 c) and removed with a 71 nm filter 
(Figure 40 d) and only one first derivative peak remained and there was only one zero 
crossing in the second derivative. Smoothing with a wide filter also reduced the range of the 
REIP as seen in the un-smoothed spectra, especially in the shorter wavelengths, where some 
of the REIPs were moved to longer wavelengths. For this specific spectral signature the REIP 
moved from 718.7 for reflectance via 724.7 (31 nm) to 721.5 (71 nm). 
What is actually the true red edge inflection point could not be determined. However, many of 
the spectra displayed a spiky feature in the red edge at 720 nm, which interfered with the 
traditional way of determining the REIP. In the scatter plots clustering of samples at other 
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wavelengths could also be noticed. Again these other clusters seem to get dispersed by 
smoothing with wide filters.  
Although some research shows straightforward results regarding the double peak in the red 
edge (Zarco-Tejada et al. 2003b) and was not discussed as affecting the calculation of REIP, 
this spectral region turned out to be more convoluted than expected. If the reflectance and the 
six filter sizes are displayed in a scatter plot the movement of the first derivative reflectance 
maximum in the red edge can be studied. In Figure 41 a green Phalaris spectra is displayed. 
 
Figure 41 Effect of six filter sizes on the first derivative reflectance for a green Phalaris canopy spectral 
signature. 
For reflectance, the 7 nm and the 11 nm filter creates a first derivative maximum close to 719 
nm. For the two wider filters, 21 and 31 nm the maximum moves to longer wavelengths but 
the “double peak” is maintained. The two widest filters, the 41 nm and the 71 nm filter the 
double peak has been smoothed out but the maxima are located back at around 720 nm.  
The feature at 719-720 nm is more or less accentuated in the different spectra. An example 
illustrating this is shown in Figure 42. The two spectra (C Capeweed and F Scotch thistle) 
where the feature is most noticeable have quite dissimilar shapes. 
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Figure 42 First derivative reflectance in the red edge for six ASD spectra of different species. 
One is a spectrum of a senescing Rough Dog’s tail canopy and the other is of a relative green 
uniform Ryegrass canopy. The former is a single spectrum type capture and the latter is a 
transect average. This accentuated feature in the first derivative double peak was later 
confirmed to be a suspected weak atmospheric water vapour absorption feature, which is 
usually not considered significant in atmospheric correction (Datt 2006a) but is definitely also 
present in a light transmittance spectrum as illustrated in Figure 43. This Phalaris spectrum is 
of a very dense grass canopy and there would be no background scattering from soil or other 
species, which could explain the double peak. 
 
Figure 43 First derivative spectrum of green Phalaris spectrum in the red edge overlayed with a transmittance 
spectrum (From MODTRAN4 flux tables, (Jupp 2004)). 
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The above examples illustrate that it is necessary to be cautious even when using established 
and well trialled methods with new data taken under new circumstances. 
However, for the spectra under investigation, smoothing does not establish a linear 
relationship between chlorophyll concentration and the REIP. Hence, the only conclusion that 
can be drawn is that for these spectra and their respective chlorophyll values the REIP is not 
very closely related to the chlorophyll concentration. Other factors affecting the 
spectra/chlorophyll calculations could be having an overriding influence, especially given the 
botanical, ASD fore optics and senescent diversity of the samples. 
4.3.2 Spectral transformations 
In order to further enhance the sensitivity of reflectance spectra to vegetation attributes it is 
common to apply spectral pre-treatments or transformations and decomposition techniques. 
Mathematical techniques such as the calculation of derivatives, reciprocal and log transforms 
and removal of the continuum line are used by both the spectroscopy and remote sensing 
research communities (see section 2.5.3). The transformations applied to the ASD field 
spectra are summarised in Table 29 and described in the following subsections and the 
chapter is finished with a section providing a table of the transformations used, explaining the 
naming conventions used for the transforms in subsequent analysis. 
Several versions of the sample spectra were derived from the ASD processed reflectance 
sample set for use in analysis. The transformations of the reflectance (R) and smoothed 
reflectance included for the full spectral ranges are listed in the top part of Table 29. The 
names used to reference them are given in the first column and are highlighted with bold type 
face, with a description in the second column. Properties and advantages/disadvantages are 
summarised in the last column.  
Breaking up the full spectra into well established large absorption feature areas is another 
technique which has been successfully used in order to decompose dry and green leaf spectra 
to improve the results from regression analysis techniques and stability of prediction 
equations as well as the portability between different spectral and spatial resolutions (Curran 
et al. 2001; Kokaly & Clark 1999; Kokaly et al. 2003). 
In addition to the full spectrum transforms Table 29 lists the acronyms and transforms created 
from the continuum-removed large absorption features and their major advantages and 
disadvantages as reported in research literature. In the following sections details of the 
procedure to produce the transforms are described and exemplified. 
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Table 29 Properties and advantages/disadvantages associated with different spectral transforms. Sources are referenced in the text describing the transformations. 
TRANSFORM Spectrum type DESCRIPTION Properties, advantages, disadvantages 
R full Reflectance Sensor radiance normalised to incoming radiance, atmospheric noise removed. Shapes of signatures 
and absorption features easily recognisable and well established for many earth targets. Subject 
to wavelength dependent scattering. 
R-D full First derivative R As for R. Enhances spectral regions of change. Removes some of effects of variation in 
illumination and soil background signals. Reduces effects of scattering. Sensitive to noise. 
LOG1R full Pseudo-absorbance, Log (1/R) Analogous to absorbance. LOG1R is approximately linear to absorbing chemical 
concentrations.  
LOG1R-D full First derivative LOG1R As for LOG1R. Enhances regions of rapid change. Reduces effects of scattering. Potentially 
sensitive to noise. 
1R full Reciprocal reflectance, 1/R Proportional to chlorophyll concentration at certain wavelengths. Potential to enhance 
relationships to pigments and resolution of overlapping absorption features by different 
pigments.  
1R-D full First derivative of 1R As for 1R. Enhances spectral regions of change in value. Reduces effects of scattering. 
Potentially sensitive to noise. 
CR full Continuum-removed R Normalises spectra facilitating absorption features comparison. Removes wavelength dependent 
scattering effects and some effects of plant water content. 
CR-D full First derivative CR As for CR. Enhances regions of change in value of transform. Reduces effects of scattering. 
Sensitive to noise. 
BNA abs-feature Continuum removed 
absorption feature R, 
normalised to its area 
Subsetting excludes areas of no interest and reduces selection of non-causal wavebands for 
regression analysis. Continuum removal reduces influence on spectra other than absorbing 
chemicals. Normalisation to feature area enhances relationship to major feature. Minimises 
affecting factors such as atmospheric absorptions, soil background and water. Subsetting might 
exclude isolated important wavelengths. 
BNA-D  First derivative of BNA As for BNA. Enhances regions of change in value of transform. Reduces effects of scattering. 
Sensitive to noise. 
DEP  Depth of continuum removed 
absorption feature R 
Subsetting excludes areas of no interest. Continuum removal reduces influence on spectra other 
than absorbing chemicals. Describes spectral relationship to size of absorption feature. 
DEP-D  First derivative of DEP Enhances spectral regions of change in value. Potentially sensitive to noise. 
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4.3.2.1 Derivative reflectance spectra 
As discussed in section 2.5.3, it is common to apply derivative operations to field captured 
reflectance spectra and hyperspectral imagery prior to analysis to attempt to reduce unwanted 
effects such as BRDF (Tsai & Philpot 1998), linear background signals of soils (Demetriades-
Shah et al. 1990) and other additive base line shifts (Davies 2007). A derivative 
transformation of Airborne Imaging Spectrometer (AIS) imagery over well studied temperate 
forests in Wisconsin was found to reduce apparent brightness differences caused by canopy 
architecture and albedo shifts between flight lines (Wessman et al. 1989). Overlapping 
absorption peaks can also be addressed by derivation as found by Hruschka (1987) and subtle 
spectral details emphasized. Derivatives are used in NIRS as they have been found to reduce 
by particle size induced scattering (Harris, DJ et al. 1997).  
Calculation of derivatives was performed on the spectra before removing noisy water vapour 
regions because gaps in the continuous spectra were deemed to affect the resultant spectra in a 
detrimental way in areas close to the gap ends compared to if the derivative operations were 
performed prior to removal of the noisy band regions.  
Differentiation was initially performed using two methods; in ENVI Spectral Math and as part 
of SAVGOL_FILT, an IDL routine that uses the IDL SAVGOL function (Ticehurst 2001). 
For the former method the smoothing is applied before derivation and for the latter smoothing 
is integrated in the SAVGOL function In addition a test was carried out where the derivative 
was calculated first and the spectrum smoothed afterwards using the SAVGOL_FILT routine. 
All three methods produced slightly different results (Table 30). 
Table 30 Comparison of results from three different methods used for smoothing and calculation of 1st 
derivative. (ASD spectrum #Pd-68-PIF-000-023) 
Filter and derivative method Max wavelength in red 
edge 
First derivative value of max 
wavelength in red edge 
SAVGOL_FILT smoothing (10 nm) then 
ENVI spectral math DERIV 
700 nm 0.00309 
IDL SAVGOL smoothing (10 nm) and 
derivative 
704 nm 0.00269 
ENVI spectral math DERIV then 
SAVGOL_FILT smoothing (10 nm) 
702 nm 0.00295 
For example, the position of the peak in the red edge in the first derivative reflectance was 
700 nm for the first method, 704 nm for the second and 702 nm for the third. The first 
derivative values of the red edge peak were 0.00309, 0.00269, 0.00295 respectively. The 
difference between the highest and lowest value is ~10% of the range (~-0.001–0.003). Hence 
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it was noted that the derivative method could matter but would require in-depth study to 
determine the most appropriate approach for this application. In this study the interest was 
rather placed on comparing filter sizes and transforms and this issue of method was 
considered beyond the scope of the study. To ensure consistency the ENVI Spectral Math 
function was used to calculate derivatives after applying smoothing filters with the 
SAVGOL_FILT routine. 
Multiple orders, i.e. first and second derivatives, were originally calculated for the 87 ASD 
reflectance spectra. However, to limit the number of versions to be tested it was decided to 
only include the first derivative as testing of various types of transforms was considered more 
compelling than different orders of derivatives. In addition, preliminary research by 
Mittermayr et al. (2001) showed no improvement on results from the use of second 
derivatives over the first in NIRS analysis of acetone mixtures. 
A comparison of two pasture reflectance spectra representing photosynthetic vegetation (PV) 
in green and non-photosynthetic vegetation (NPV) in orange show the typical differences 
between the two types of vegetation (Figure 44). The deep absorption in the red region and 
accentuated water absorption in the NIR as well as an absence of deep absorption in the 
SWIR for the PV spectrum are obvious. In contrast the NPV spectrum shows next to no 
absorption in the red region, much weaker water absorption troughs in the NIR and 
accentuated absorption in the SWIR. These two spectra are also used in the following figures 
for the various transforms to provide a visual idea of how the types change depending on 
transformation. 
 
Figure 44 PV (green line) and NPV (orange line) reflectance (R) spectra. 
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The difference between the first derivative (Figure 45) and the second derivative (Figure 46) 
are much noisier spectra with less obvious differences between the two very different types of 
pasture canopies. Unless special measures are taken to enhance the signals, noise will increase 
by a factor of 10 with each increase in order of differentiation (Wessman 1990). Hence, only 
the first derivatives were included for analysis with pasture quality assay data. 
 
Figure 45 PV (green line) and NPV (orange line) first derivative reflectance (R-D) spectra. 
 
Figure 46 PV (green line) and NPV (orange line) second derivative reflectance (R-2D) spectra. 
4.3.2.2 Pseudo-absorbance – Log (1/R) 
Derivatives of log (1/R) were derived since successful application to leaf spectra analysis 
using these transforms have been reported in the literature (Dury et al. 2001; Ollinger et al. 
2002; Yoder & Pettigrew-Crosby 1995). The transformation to absorbance has the potential to 
linearise the spectral response with absorbing biochemicals (Hruschka 1987). 
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Figure 47 PV (green line) and NPV (orange line) pseudo-absorbance (LOG(1/R)) spectra. 
The LOG(1/R) spectra (Figure 47) show a flipped over and inverted version of the reflectance 
spectra where differences in the VIS are accentuated and differences in the NIR plateau are 
reduced. These differences are further accentuated in the first derivative versions (Figure 48) 
 
Figure 48 PV (green line) and NPV (orange line) first derivative of Pseudo-absorbance (LOG(1/R)-D) spectra. 
4.3.2.3 Reciprocal reflectance – 1/R and derivative 
Reciprocal reflectance (1/R), also called the inverse reflectance, and its slope (derivative) has 
shown potential for enhancing spectral sensitivity related to pigment content in plant leaves at 
certain wavelengths (Gilabert et al. 2002; Gitelson et al. 1996), especially for yellow-green to 
green leaves (Gitelson & Merzlyak 1996). However, to clarify the mechanisms accounting for 
the relationship between pigments and reciprocal reflectance a need for further research has 
been identified (Gitelson et al. 2003). Given the potential shown for reciprocal transformed 
reflectance spectra and the first derivative of 1/R spectra they were added to the transforms 
sets to be analysed with the pasture sample attribute values. The reciprocal reflectance spectra 
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in Figure 49 show an enhancement of the differences in the red–red edge region and a 
reduction in value differences over the NIR plateau (water and canopy structures). The former 
effect is further emphasised in the 1st derivative spectra in Figure 50. 
 
Figure 49 PV (green line) and NPV (orange line) reciprocal reflectance (1/R) spectra. 
 
Figure 50 PV (green line) and NPV (orange line) first derivative of reciprocal reflectance ((1/R)-D) spectra. 
4.3.2.4 Continuum removal and creation of absorption feature spectra 
Continuum removal was performed in two ways creating two types of spectral transforms. 
Firstly, the full spectral range was used to remove non-absorption related noise from the 
spectra and secondly only the large absorption feature regions of the spectra were used as 
developed by Kokaly and Clark (1999) and further developed and tested by Curran et al. 
(2001). In addition, the reason for testing this type of transform was the reported reduction of 
leaf water absorption effects and the resolve of overlapping absorption features (Clark, RN & 
Roush 1984; Huang, Z et al. 2004). 
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In this study two techniques for calculating the continuum were initially used: 
• Continuum removal using division (Kokaly & Clark 1999) 
• Continuum removal, fitting a convex hull (Research Systems Inc. 2003b) 
The first method uses an equation to calculate the continuum or continuum line where a line is 
basically fitted to the end wavelengths of a spectrum (or spectral regions) and removed by 
dividing the original reflectance values with the values of the continuum line. The continuum 
line for the second method is described in the ENVI HELP manual as “… a convex hull fit 
over the top of a spectrum utilizing straight line segments that connect local spectra maxima. 
The first and last spectral data values are on the hull and therefore the first and last bands in 
the output continuum-removed data file are equal to 1.0.” (Research Systems Inc. 2003a). 
This is also described as fitting continuum lines between each wavelength centre.  
The effect of the continuum removal of the full spectrum is illustrated in Figure 51 and the 
first derivative in Figure 52 on the PV and NPV spectra. It can be observed that the large 
absorption features are enhanced, especially the VIS/NIR for the PV spectrum and the SWIR 
features for the NPV spectrum. In the derivative spectra the red edge differences are 
accentuated as are the shoulders of the major absorption features. 
 
Figure 51 PV (green line) and NPV (orange line) continuum removed reflectance (CR) spectra. 
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Figure 52 PV (green line) and NPV (orange line) first derivative continuum removed reflectance (CR-D) spectra. 
The six main absorption features were described in section 2.5 and their continuum lines 
illustrated using research data of one green ryegrass and one dry barley grass spectrum in 
Figure 7. For the green Rye grass spectrum the three absorption features located in the SWIR 
region are more or less absent or obscured whereas the 480 nm, 670 nm and 1200 nm features 
are well defined. On the contrary the three SWIR features centred at 1730 nm, 2100 nm and 
2300 nm for the dry Barley grass spectrum are comparatively well defined whereas the VIS 
and NIR features are weak or absent. The effect of continuum removal on the same six 
absorption features is illustrated in Figure 53. The relative difference in size of the absorption 
features are clearly visible with the second chlorophyll feature dominating, followed by the 
first chlorophyll feature and the water dominated feature. Of the three SWIR features the 1730 
nm centred feature is smaller than the other two for the dry Barley grass spectrum used. 
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Figure 53 Effect of continuum removal on the six absorption features. (The features are a mix from green 
ryegrass–the three in VIS/NIR and dry barley grass spectra–the three in the SWIR). 
An IDL routine was used to derive the continuum-removed reflectance values for each 
absorption feature and spectrum in the way described above (Ticehurst 2002a) and depths for 
the absorption feature values were computed by: 
RD ′−= 1 , 
Equation 3 
where R′  is the continuum-removed reflectance value.  
The most successful normalisation computation as explained in Kokaly and Clark (1999) and 
in Curran et al. (2001) was undertaken to reduce effects from extraneous factors such as the 
atmosphere.  
The band depths normalised to area of the absorption feature (BNA) were calculated by: 
ADEPBNA = , 
Equation 4 
where A is the area of the absorption feature.  
The area was calculated by multiplying the depth values of the absorption feature with the 
wavelength distance between the bands (for ASD spectra 1 nm). 
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In the division method the continuum line is calculated for a whole absorption feature and 
fitted to it. The end points of the line become 1 and all the values in between will be less than 
1 and represent “positive” absorption depths. It was found that “negative” depths could result 
if there instead was an increase in reflectance in a portion of an absorption feature. This 
complicated the calculation of the absorption feature area. The ENVI calculated continuum 
line fits the continuum line to a convex hull following the shape of the absorption feature and 
hence no “negative” absorption values are created. Therefore the continuum removed 
transforms were based only on the ENVI continuum removal method.  
As the six pasture quality variables were theoretically related to several combinations of 
absorption features all six absorption features reported by Curran et al. (2001) and modified 
for the research data were used. The Curran endpoints were reviewed in relation to the 
research data and were found to correspond well to the absorption features present. The 
separate continuum removed absorption features were added together to create ‘synthetic’ 
spectra consisting of 911 wavelengths each. 
Two versions of the synthetic spectra and one version of the full spectrum were created: 
• the ENVI calculated continuum removed absorption feature reflectance 
normalised to the absorption area (BNA) 
• the absorption depth values at maximum absorption (DEP) 
• the ENVI calculated continuum removed reflectance for the entire spectrum (CR) 
Two other absorption feature parameters were retained; the full width half maximum 
(FWHM) of the absorption feature and the wavelength position of maximum absorption. 
However, no literature was found to support the successful use of these in their own right in 
correlation with vegetation parameters although they are often derived to describe the 
geometry of absorption features (Fischer et al. 2003; Hostert et al. 2003; Van der Meer & de 
Jong 2003b). Especially the former is used to calculate other geometric parameters of 
absorption features. They were not further assessed in this research. 
The main absorption feature intervals used in this research to create synthetic spectra were 
408–518 nm, 588–750 nm, 1116–1284 nm, 1652–1770 nm, 2006–2196 nm and 2222–2378 
nm where the first SWIR feature had been slightly modified to better suit the available 
spectra. 
In addition, the first derivative of the relative depth values for each wavelength from the 
continuum removed reflectance and were derived for the absorption feature spectra because of 
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the successful use in grassland nutrient analysis conducted by Mutanga et al. (2004b). To 
further test the effects of derivation, the first derivative of the subset spectra normalised to the 
absorption area were created and added to the set of transforms targeted for comparison with 
the pasture sample attribute results. 
4.4 Selection of spectral transforms used for statistical analysis 
A large number of spectral libraries representing the smoothing versions and transforms 
resulted from the work undertaken above. Further analysis required laborious collation and 
file format changes. Therefore it was decided to reduce the number of files that would 
actually be targeted for analysis with the pasture sample attribute data. The main 
transformations chosen were the ones that had been used with some success by other 
researchers testing various analysis approaches, albeit under different circumstances (sections 
2.5 and 2.6). 
A contributor to the large number of files was the many versions needed if all the filter 
options were to be tested. The second degree Savitzky-Golay filter was chosen because it 
seemed to stay “truer” to the general shape of the original spectra and transformations such as 
first and second derivative than the first degree or average filters. Only this version of filter 
type was included in the subsequent analysis.  
Reflectance spectra and six versions resulting from the Savitzky-Golay (2nd polynomial) 
filtering procedure (7, 11, 21, 31, 41 and 71 nm sized filter windows) make up the seven 
“smoothing” versions used for each transformation. Four main transformations were used (for 
ease of discussion also the reflectance spectrum is referred to as a “transform”); absolute 
reflectance (R), pseudo-absorbance log (1/R), reciprocal reflectance (1/R) and continuum 
removed full spectrum reflectance (CR). For the spectra decomposed into absorption features 
three versions were retained, continuum removed reflectance normalised to the area of the 
absorption feature and its first derivative, and the first derivative of the continuum removed 
reflectance converted to depth values. The first derivatives of all other transforms were also 
included. 
The transforms are listed in Table 31 in two sections, one for the full spectrum transforms and 
one for the absorption feature spectra. Their “short” names used for convenience of reporting 
in the following sections are listed with comments on how the transforms were created. 
Transformations using the majority of the original spectral range (minus wavelengths 
removed in the pre-processing steps) are hereafter named full spectrum transforms. The 
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transformations that were derived from spectra that had been decomposed into the six major 
absorption feature wavelength regions are referred to as abs-feature transforms.  
Seventy-seven transforms were included for subsequent testing of regression analyses and 
approaches.  
Table 31 Transform naming conventions used for analysis reporting. 
Transform type/group 
– full spectrum 
Short name Comment 
Absolute reflectance (R) e.g. R, 7, 31 etc I.e. no transformation but filter versions included 
in type 
1st derivative of (R) R-D ENVI spectral math 
Pseudo-absorbance (log(1/R)) LOG1R ENVI spectral math 
First derivative of (log(1R)) LOG1R-D ENVI spectral math 
Reciprocal reflectance (1/R) 1R ENVI spectral math 
First derivative of (1/R) 1R-D ENVI spectral math 
Continuum removed reflectance  CR ENVI continuum removal 
First derivative of (CR) CR-D ENVI spectral math 
Transformation type/group  
– continuum removed absorption 
feature spectrum subset to six major 
absorption features 
 ENVI continuum removal for each of the six 
major absorption feature spectral segments, 
joined to create synthetic spectrum 
Continuum removed reflectance 
normalised to area of absorption 
feature 
BNA IDL function to calculate absorption area 
First derivative of CR-BNA BNA-D ENVI spectral math 
First derivative of relative depth values DEP-D IDL function to calculate relative depth values, 
ENVI spectral math 
 
4.5 Preliminary investigation of the canopy spectra 
A preliminary investigation of the canopy spectra reflectance was done to gain insight into the 
basic variation and any inherent groupings that could affect subsequent analysis with pasture 
assay attributes. It was investigated in three ways: 
• visual assessment of spectral regions potentially sensitive to attribute 
absorption using mean and standard deviation spectra; 
• normalising with the spectral mean; and 
• discriminant analysis of spectral transform principal components (PCs) and 
pre-determined biophysical and other categories (from matrix in section 
3.4.1).  
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4.5.1 Visual assessment of spectral regions using the standard deviation 
spectrum 
A simple method for identifying spectral regions of potential sensitivity is to assess the 
standard deviation spectrum (Held 2002). Where the standard deviation is high the samples 
differ more than in other spectral regions and these could possibly provide an indication of 
regions with potentially greater sensitivity to the sample attributes. 
A plot of the standard deviation spectrum derived from the 87 ASD spectra shows a number 
of peaks (Figure 54).  
 
Figure 54 Plot showing the standard deviation (red line) with distinct peaks for the 87 ASD spectra. The mean 
reflectance (blue line) is included for comparison. 
The first peak is at 690 nm, after which there is a sharp drop to a local minimum at the 
beginning of the red edge at 710 nm. Then there is very sharp rise to the maximum standard 
deviation at 760 nm at the end of the red edge and beginning of the infrared plateau. The 
values slope along the plateau with broad local dips at 990 and 1200 nm, (well known water 
absorption features are located at 970 nm and 1200 nm) indicating less spectral 
differentiation. The start of SWIR1 shows relatively higher values with a local peak before 
rising towards the SWIR2. This regions starts with a peak, then the standard deviation falls 
before second small peak followed by a sharp drop and rise towards the end. 
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In summary the peaks/local high values of the standard deviation spectrum are situated at:  
• 690 nm VIS • 1440 nm SWIR1 • 2020 nm SWIR2 
• 760 nm VIS/NIR • 1660 nm SWIR1 • 2230 nm SWIR2 
• 1080 nm NIR 
 
• 2430 nm SWIR2 
At 690 nm there is a weak water vapour absorption feature. It is also relatively close to a main 
wave band at 680 nm affected by chlorophyll electron transition, which both could explain 
this region of potential separation. 760 nm is close to the 763 nm sharp oxygen-A feature. 
1080 nm corresponds to the maximum region of reflectance common to green plants on the 
NIR plateau. This region is, as explained in section 2.4.3, an area strongly affected by plant 
cell and canopy structure. The canopy diversity of the spectra could here be a factor. There is 
absorption of a range of bio-chemicals around 1440 nm where level differences could cause a 
rise in standard deviation. The local rise at 1660 nm is unattributable to absorption by any 
plant substances. 2020 nm is on the far shoulder of the 2060 protein/nitrogen absorption 
feature where differences in levels could play a role. 2230 nm is again on the shorter 
wavelength shoulder of the 2240 protein absorption feature. At 2430 nm some of the spectra 
are very noisy although there is absorption by cellulose here. 
4.5.2 Visual assessment of spectra groupings using average normalisation 
A visual assessment of a plot of all 87 ASD spectra provided a basic idea of the inherent 
differences. The variation among the pasture canopy spectra is great and could present a 
challenge both for selecting appropriate methods and for discriminating between biochemical, 
biophysical and external effects. The reflectance spectra (Figure 55 a) were normalised by 
dividing by the mean spectrum to further investigate the nature of the spectral set (Figure 55 
b). The overall pattern reflected by the standard deviation (SD) of the spectra, is markedly 
higher across the entire NIR-SWIR rang compared to the VIS, reflecting lower SNR and more 
noise in the longer wavelengths. The main ‘hinge' points in the spectral plots occur where the 
spread of values between the normalised spectra is smallest, indicating regions of less 
differentiation (Jupp et al. 2003). These can be utilised for example as reference wavelengths 
when developing indices. The main ones visible in Figure 55 b are located at 720 nm, 970 nm 
and 1140 nm. Four hinges not as easily visualised are located at ~1520 nm, 1740 nm, 2050 
nm and 2340 nm. Interestingly the 720 nm is in the middle of the red edge and coincides with 
a supposed atmospheric water feature (Apan & Held 2002) and being in common to the 
spectra would explain the limited variance there. The 970 nm is a wavelength sensitive to 
plant water and is used in the water based index (WBI), also 1140 nm waveband is plant 
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water sensitive (or at least 1150 nm), the size of both are strongly dependent on atmospheric 
water absorption which may explain their occurrence as ‘hinge’ points in the data. The other 
four are not as clear as hinge points and the last one, 2340 nm is located in a region degraded 
by noise. 
a) reflectance spectra 
 
b) normalised spectra 
 
c) group 1 
 
d) group 2 
 
e) group 3 
 
 
Figure 55 Effects of normalisation on smoothed ASD reflectance spectra and resultant groups. a) smoothed ASD 
reflectance spectra with mean spectrum marked in red. b) smoothed ASD reflectance spectra 
normalised to the mean spectrum. c) Group 1 – “greener” spectra with mean spectrum marked in red d) 
Group 2 – “drier” spectra with means spectrum marked in red e) Group 3 –“other”  
Two major groups and one “other” group could easily be discerned by visually comparing the 
normalised signatures. The two major groups basically correspond to one greener and one 
drier group, or PV and NPV vegetation. Group 1 (Figure 55 c) is characterised by local 
minimum in the spectral signatures at ~ 490 nm, then a sharp rise to ~ 540 nm, a drop to ~670 
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nm and then a curve maximum at 775 nm. The regions between 1430 and 1800 nm, and 1970 
and 2430 nm have convex shapes. This is similar to a normal green vegetation spectrum or the 
average for the spectral ASD set and confirms that the spectral set per se is dominated by 
green vegetation spectra. 
In contrast, the second group (Figure 55 d) is characterised by a local maximum at ~490 nm, 
then by a drop to a local minimum at ~545 nm, a sharp rise to ~670 nm and then back down to 
a curve minimum at ~ 760 nm. The two longer wavelength regions show concave shaped 
curves.  
The third group (Figure 55 e) consists of spectra with shapes that cannot easily be referred to 
any of the major groups. It is not surprising that the third group consists of weed spectra with 
very special characteristics and grass canopies with quite extreme structural properties. These 
10 spectra were: one metre high flowering Fog grass and Silver grass, Scotch thistle, a 
Wallaby grass and Silver grass canopy with seed heads, mixed dead and green flowering 
Capeweed, Sorrell with and without seeds, a flowering Paspalum tussock and two stands of 
Wallaby and Kangaroo grass both with green canopies mixed with tufted last year’s senesced 
grass. The plot display a mixture of shapes in the VIS unlike the two main groups, the regions 
between 1430 and 1800 nm, and 1970 and 2430 nm are simlar to group 1 although some 
spectra display obvious irregularities in the latter region. 
Discriminant analysis was employed to assess whether the groupings derived from the visual 
assessment would manifest through the spectral variables. However, in the JMP software 
discriminant analysis cannot be applied directly to the spectral variables. Therefore principal 
component analysis, PCA, was employed to reduce the number of variables. However, only 
principal components (PCs) based on correlations could be save (not PCs based on 
covariance). A canonical variate plot of the results from the discriminant analysis of the three 
spectral groups versus eight principal components (PCs) of reflectance spectra showed a quite 
clear separation between the groups (Figure 56). The biplot rays emanating from the grand 
mean show that the two first PCs have the largest relative affect on the separation of the 
groups in the canonical space. 
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Figure 56 Canonical Variate plot from discriminant analysis using eight reflectance PC’s versus the three 
spectral groups. “greener” spectra (green markers), “drier” (red markers) and “other” (blue markers). 
The size of the circles corresponds to a 95% confidence limit for the multi variate means. The 
directions of the attribute variables in the canonical space are shown by the biplot rays emanating from 
the grand mean and the length indicate the relative importance. 
When comparing to the four pasture sample matrix classes of Live–dead proportions (see 
section 3.4) in Figure 57, a clear correspondence can be seen between the two main classes; 
“drier” – displayed in red and “greener” – displayed in green, based on the average of the 
spectra and their matrix counterparts. The samples of the “other” group showed in blue are 
nestled in between. As for the three spectral groups, the two first reflectance PCs (length and 
position of the biplot rays) have a relatively large affect on the separation of the Live-dead 
classes. These results gives a further indication that the simple visual assessment of mean 
normalised spectra can be useful to separate main spectral groups.  
 
Figure 57 Canonical Variate plot from discriminant analysis using eight reflectance Principal Components versus 
the four Live-Dead groups. Markers are coloured according to the three spectral average groups shown 
in Figure 56, green – greener, red – drier, blue – other. The size of the circles corresponds to a 95% 
confidence limit for the multi variate means. The directions of the attribute variables in the canonical 
space are shown by the biplot rays emanating from the grand mean and the length indicate the relative 
importance. The actual position of grand mean has been moved for clarity as indicated by the arrow. 
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4.5.3 Discriminant analysis – groups based on principal components and 
matrix variables 
The presence of groups based on the matrix variable classes (section 3.4.2) among the 87 
spectra was further investigated. Reflectance and seven unsmoothed transforms (R-D, 
LOG1R-D, 1R-D, CR-D, BNA, BNA-D, DEP-D) were used in the test. Principal component 
analysis was carried out on correlations from multivariate analysis of the spectral transforms 
and 10 of the principal components were saved. These were used in discriminant analysis with 
the matrix category variables. Figure 122 to Figure 126, Appendix F, show the resultant 
canonical plots for the spectral transforms and matrix categories with the lowest 
misclassification scores and the highest visual tendencies for grouping. The misclassification 
values for each transform versus the matrix variables and comments regarding the graphical 
separation are given in Table 95, Appendix F. 
The main findings from the discriminant analysis was that separations and low–high trends 
varied depending on matrix variable for the different transforms and was not consistent but 
that the results for the two categories, Spectrum type and Capture time of year versus the 
ABS-BNA transform (Figure 58 a and Figure 58 a) showed the lowest misclassifications 
overall (6.90% and 4.60% respectively) indicating a clear separation sample classes. The 
relative importance of the PCs as indicated by the biplot rays show that PC1, PC6 and PC3 
have most influence on class separation for spectra type and PC1 and PC3 for Spectra 
sampling time classes in the canonical space. 
a) Spectrum type 
 
b) Sampling time 
 
Figure 58 Canonical Variate plots from discriminant analysis of ABS_BNA spectra (10 PCs) and secondary 
matrix variables. The size of the circles corresponds to a 95% confidence limit for the multi variate 
means. The directions of the attribute variables in the canonical space are shown by the biplot rays 
emanating from the grand mean and the length indicate the relative importance. The actual position of 
the grand mean has been moved for clarity as indicated by the arrow. 
a) Spectrum type, 6.90 % misclassified b) Spectrum sampling time/capture date, 4.60% missclassified 
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Separation trends from low to high along class values was noticed for the greener/drier 
(Figure 122), phenology and canopy structure categories (Figure 124) and most transforms. 
Higher group separation and lower misclassification was achieved more often for LOG1R-D, 
ABS-BNA and ABS-BNA-D compared to the other transforms indicating a possible 
enhancement of the spectral sensitivity to the matrix groups for these transforms. For 
phenology groups (five classes) versus ABS_BNA the separation into classes is unclear 
despite relatively low misclassification (18.39%) (Figure 123). The lowest misclassification 
(36.78%) for the species groups (eight classes) was achieved with LOG1R-D. This is still 
quite high and only some separation of the clover dominated samples is visible in the 
canonical plot (Figure 125). In addition, only the abs-feature transforms showed a reasonable 
separation between weeds and non-weeds (Figure 126). 
4.6 Summary and discussion 
The collection of in situ spectra (and pasture assay data) holds a multitude of challenges for 
all participants in a research project. The weather and light conditions change. The time 
available to capture spectra influences what can be achieved and the intended application 
affects the way procedures are carried out. In this research the reliance on ancillary support 
and people (their availability) had fundamental effects on the ability to adequately capture 
what was needed at the time. It became obvious that as experience was gained and problems 
(and solutions to these were explored), the data capture procedure needed to change. This in 
turn added demands of great care on the interpretation of the results.  
Capturing the majority of the ASD spectra at the LTPE site in December 2000 has in 
retrospect potentially caused some skewness to how representative the majority of samples 
are for all three sites. However, both Vasey and Ellinbank could be considered more uniform 
in type of pastures than the LTPE; Vasey with only Phalaris improved perennial and 
unimproved annual pastures dominated by Barley grass, and Ellinbank with improved 
Ryegrass/Paspalum dairy pastures. Together, the spectra from the three sites should be quite 
representative of temperate pastures occurring in Victoria in December. 
The procedures for the capture of the in situ spectra (so fundamental to the success of the 
comparison with field assays and image spectra) varies greatly with application as reported in 
the research literature. The three capture methods used in this research were experimental and 
had different aims. Single canopy, cherry picker and “walking integration” capture methods 
produced different types of spectra which increased the diversity of the field spectra sets both 
from a pasture canopy point of view and from a technical-spectral point of view. 
  168 
The field of view for the single view ASD samples was small, hence issues of LAI, 
background soil and shadows became less relevant for these samples. An attempt in a limited 
sense to capture effects of the canopy structure and LAI was performed by estimating height 
and ground cover subjectively (section 3.4.1). However, because the ASD captured such a 
small portion of the plant canopies it was not considered appropriate to investigate these 
parameters more than in a cursory way (discriminant analysis of matrix variables). 
No measures of the inherent variance of the averaged signal from the three internal sampling 
rates, 10, 50 and 200 were available for exploration, but the rates were considered likely to 
impact the nature of the spectra. The results from Discriminant Analysis of spectral data and 
internal spectral sampling class justified the test of a modified approach based on subsetting 
the samples accordingly. For the walking integration an obvious smoothing effect was 
observed for the averaged spectra and the inherent variance could be evaluated and a few 
spectra with large variance were therefore excluded from further analysis. No large difference 
between using no fore optics (ASD-2 campaign) or a five degree (ASD-3 campaign) was 
suggested as long as the target area is relatively homogeneous (Daniel 2006). 
Issues of accuracy and uncertainty relating to spectra recording procedures may affect 
analysis of relationships with pasture sample attributes. In this research many spectra were 
captured for the collection of reference spectra. Although the 5 degree fore optics used were 
appropriate for this purpose, these spectra are less suited for comparison with image spectra 
captured of the pasture canopies than spectra captured without foreoptics or walking 
integration. In addition, samples captured with walking integration, could include some 
background soil effects, although care was taken not to record signals over areas with 
incomplete vegetation cover. 
The processes applied to the spectral data of this research were carefully documented. Ideally 
pre-processing and collation of spectra should be done with great care to ensure possibility of 
use of spectra for other applications and to further the collective knowledge of the whole 
hyperspectral community dealing with ecological/vegetation applications (Pfitzner et al. 
2006). 
Application of smoothing filters reduced noise but the effects from some filter versions 
suggested a potential degradation of the signals. Therefore filter sizes and types need to be 
evaluated carefully in order to strike a balance between removal of noise and retention of 
desired absorption features. In this research the effects of smoothing and transformations were 
initially assessed visually using some simple linear regression analysis with some well 
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established vegetation indices in this chapter. It was decided to use the Savitzky-Golay 2nd 
polynomial smoothing filter operation with different filter sizes because it was shown to 
maintain the greatest likeness to the form of the original spectra. Six filter sizes were used in 
addition to no filter to create versions of the reflectance to assess the effect of smoothing. The 
reason for inclusion of the 71 nm very wide filter was because of its ability to reduce the 
effect of an unresolved feature in the red edge of the spectra. Consequently the effects of 
smoothing need to be assessed in the light of the application. 
Hostert et al. (2003) compared variance of spectra and determined that the observed 
decreasing noise levels after filtering could be supported by a decrease in variance (as 
determined by assessing the statistical variance for each spectrum). For the research spectra 
there was a decrease in noise between reflectance and the 31 nm Savitzky-Golay filter, second 
polynomial, for 81 of the 87 spectra. However, comparing reflectance and the result of 
applying a 21 nm filter, second polynomial, 69 of the 87 spectra showed a decrease in 
variance and using a 71 nm filter, second polynomial, only 19 of 87 spectra showed a 
decrease in variance. The latter spectra showed a much smoother appearance compared to 
unsmoothed reflectance but differences in peaks and troughs are possibly accentuated by the 
filtering process, leading to an increase in variance. Statistical variance may therefore not be 
the most appropriate measure to determine noise levels and justify filter operations used. 
Derivatives of reflectance can be calculated as part of the Savitzky-Golay filtering process in 
ENVI and were calculated at the same time as filters were applied (rather than smoothing first 
and calculating derivatives after), see section 4.3.2.1. 
The other mathematical transforms applied were based on experience from other research and 
included pseudo-absorbance, reciprocal reflectance and continuum removal and the 
derivatisation of these. Plots of the effects of these transforms showed that different aspects of 
the spectra were enhanced. In addition, the isolation of spectral regions corresponding to the 
six major absorption features together with continuum removal, and a few normalisation 
processes were conducted to ascertain whether enhancing effects of results experienced by 
others (Curran et al. 2001; Kokaly 2001; Kokaly & Clark 1999) could be confirmed. 
The choice of transformations to include in subsequent analysis was based upon the difference 
in sensitivity identified by the visual assessment of shape in this research and simple linear 
regression, and their successful use in applications by other researchers. The number of filters 
and transforms were limited to the ones most likely to enhance spectral features associated 
with pasture quality attributes and discrimination between attribute concentrations. 
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The preliminary exploration of the spectra using visual assessment of spectra, principal 
component analysis with discriminant analysis indicated that the spectra can be divided into 
two major groups representing non photosynthetic vegetation (NPV) and photosynthetic 
vegetation (PV). The matrix dry and green category levels were supported by the result from 
the experiment with REIPs for which the unsmoothed spectra showed two major groups 
corresponding to the greener and drier types of spectra. The weak absorption feature at 719-
720 nm possibly caused by atmospheric water was shown to potentially produce effects on 
red edge derivation as confirmed later by Datt (2006a), see also section 4.3.1. 
Normalisation of spectra sets to the average also confirmed the division into greenish and 
dryish spectra as well as a group not conforming to the other two. This third group wa used 
for identification of spectra that can be suspected to be tagged as outliers in subsequent 
statistical analysis attempts such as weeds and other cotyledons with canopies that set them 
apart from the planofile dominated grass canopies. 
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CHAPTER 5  
CAPTURE AND EXPLORATION OF  
HYPERSPECTRAL IMAGE DATA 
5.1 Introduction 
Section 2.4, CHAPTER 2, introduced the potential for imaging spectrometry and 
spectroscopy to be useful for the mapping of the spatial distribution of pasture quality levels 
in temperate pastures and discussed relevant successful applications as background to the 
research and to this chapter on image spectra capture and analysis.  
This chapter addresses task one supporting the research aim: ‘Investigate the influence of 
spectrometer data capture method and scales on the capacity to resolve temperate pasture 
quality attributes from temperate pasture canopies including differences between attributes’ 
by providing the context for the capture of hyperspectral imagery and collation of spectra 
such as information on the characteristics of spectrometer used, measurement specifics and 
processing applied to enhance the spectral data, including preliminary investigation into the 
variability and relationship between the spectra. 
The aim of this chapter is to provide information about the data derived from imaging 
spectrometry, including the process to prepare the spectral data for analysis. This information 
is needed to provide context for the interpretation of the results. An overview of the chapter 
content outlining the processing steps is provided in Figure 59.  
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Figure 59 Overview of the hyperspectral image spectra capture and processing described in CHAPTER 5. The 
main steps and sections are highlighted in the leftmost column. 
The chapter describes the hyperspectral sensors/imaging spectrometers used for the image 
capture and the resulting remotely sensed data. The hyperspectral image data used in this 
study were captured by two hyperspectral sensors, the HyMap and the Hyperion. Sections 
5.2.1 and 5.2.2 outline the specifics of the airborne and satellite sensors and the format for the 
recording of the images. The hyperspectral images captured over the study sites were: 
• Four airborne hyperspectral images (HyMap), three captured in December 
2000 and one in March 2001; and 
• one satellite hyperspectral image (Hyperion), captured in January 2001. 
To facilitate analysis of the imagery and comparison to field captured pasture attribute data 
the images were processed according to well established procedures (Apan & Held 2002; 
Boardman 1998; Datt & Jupp 2004; Datt et al. 2003b; Green, AA et al. 1988; Jupp et al. 
2002). The number of processing steps applied varied slightly depending on the imagery and 
individual characteristics. Issues encountered when following the established approach and 
deviations from these are described as appropriate.  
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The main steps were: 
• pre-processing, preparation for atmospheric correction (section 5.3); 
• atmospheric correction and conversion of radiance images to apparent 
reflectance (section 5.4); 
• post atmospheric correction enhancements such as noise removal and 
smoothing (section 5.4); and 
• georeferencing (5.6). 
Image spectra were extracted using spatial regions of interest (ENVI ROIs) derived from 
GPS, GIS and ancillary vector data corresponding to locations of the cut pasture samples 
(section 5.7). Specifics relating to the pasture assay results for the samples corresponding to 
the image spectra were reported in section 3.5. The image spectra were converted to spectral 
libraries, transforms applied and data exported to file formats suitable for further analysis and 
comparison with pasture sample data.  
The computer platforms used for the processing of the imagery included a dedicated PC 
laptop running Windows 2000 and PC desktop computers at CSIRO Land and Water running 
Windows 2000 or XP. ENVI/IDL 3.5-4.1 image analysis software (RSI Inc., Colorado) was 
used for image analysis and image pre- and post atmospheric processing. HYCORR2 and 
ACORN4.1 were used for atmospheric correction and Microsoft EXCEL and the statistical 
software package (JMP) a SAS derivative were used for statistical analysis and plotting.  
5.2 Hyperspectral image capture 
This section provides a brief overview of the sensors used, the image data capture process and 
associated pasture sample collection and collation, and other geospatial data used to aid the 
image processing.  
5.2.1 The HyMap sensor 
HyMap® is an aircraft-mounted commercial hyperspectral sensor developed by Integrated 
Spectronics, Sydney, Australia and operated by HyVista Corporation Inc. The HyMap system 
is a so called “whiskbroom” scanner and records images of the earth’s surface using a rotating 
scan mirror where the image is built line by line as the aircraft flies forward (Apan et al. 
2004). The scanner system utilises diffraction gratings and four 32-element detector arrays. 
The reflected sunlight collected by the mirror is dispersed into different wavelengths by the 
four spectrometers, VIS, NIR, SWIR1 and SWIR 2 resulting in 32 spectral bands for each 
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sensor (Table 2, section 2.4.2). The HyMap sensor records data in 128 spectral bands over the 
440–2500 nm electromagnetic range with approximately 15 nm spectral resolution and a 
possible SNR of >1000:1 or better over a 512 pixel swath in the atmospheric windows at 50% 
reflectance (Cocks et al. 1998). There is a ~50 nm gap between the NIR and SWIR1 
spectrometers and a ~150 nm gap between the two SWIR spectrometers corresponding to 
spectral regions of high atmospheric water vapour. The spectrometer setup produces an 
overlap between the VIS and NIR sensors. Two VIS bands, band 1 and band 32 were deleted 
during pre-processing resulting in 126-band radiance images being delivered.  
5.2.2 The Hyperion sensor 
The Hyperion hyperspectral sensor (Pearlman et al. 2003) is carried on board NASA’s Earth 
Observing One (EO-1) satellite (Green, AA et al. 1988). It was launched in November 2000 
and the EO-1 satellite is in a sun-synchronous (polar) orbit around the earth at an altitude of 
705 km and with a 98.7 degree inclination. EO-1 is one nominal minute behind the Landsat-7 
satellite and images areas of 185 km by 7.7 km wide where the length is the same as for a 
LANDSAT scene, which makes it possible to compare Hyperion images to near synchronous 
LANDSAT scenes (Ungar et al. 2003). The Hyperion instrument is the first satellite borne 
hyperspectral sensor to acquire data in the visible, near infrared and shortwave infrared 
regions of the electromagnetic spectrum. It is a ‘push broom’ type scanner and consists of a 
single telescope and two grating spectrometers, one visible/near-infrared (VNIR) and one 
short-wave infrared (SWIR) spectrometer (Table 2, section 2.4.2). The instantaneous field of 
view (IFOV) of the Hyperion sensor is 0.642 ° wide by 42.55 µrad in the satellite forward 
direction. This creates a nominal frame or pixel size of 30 metres; where each column of data 
is created by a single detector. TRW Space, Defence & Information Systems Inc. carried out 
the first processing of Hyperion data, first to Level 1_A and from November, 2001 also to 
Level 1_B (Barry 2001). 
The Hyperion hyperspectral data cube typically has the following dimensions: 
• 256 samples or columns; 
• 1400 lines or frames;  and 
• 242 spectral channels or bands 
For various reasons not all 242 bands are utilised. 44 bands are set to zero values leaving 198 
usable bands (Bands 8–57, 79–224), from the TRW Space, Defence & Information Systems 
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calibration process but further bands are commonly removed because of low response (Jupp et 
al. 2002). 
5.2.3 Image data capture process 
HyMap images were recorded in a couple of hours before or after noon on two dates, 
December 7, 2000 and March 16, 2001 (Table 32). The aircraft heading direction was at all 
sites into or away from the principal plane of the sun to reduce BRDF effects. 
Table 32 HyMap flight mission details (source data Hyvista*_hgc_report files) and Hyperion details. 
Study site / Image Flight Date Spectrometer Flight time  
EST 
(GMT+10) 
Flight 
heading 
degree 
Study site 
latitude/longitude 
Ellinbank  7 Dec 2000 HyMap 3.42 PM 290–293 38.24/145.93 
PVI 7 Dec 2000 HyMap 11.20 AM -118 37.82/142.07 
Vasey 7 Dec 2000 HyMap 10.47 AM -117 37.40/141.92 
LTPE 16 Mar 2001 HyMap 2.34 PM 118–120 37.84/142.09 
PVI 19 Jan 2002 Hyperion 10.42 AM 98.2 37.82/142.07 
On December 7, HYVISTA flew a FOKKER10 with the HyMap scanner capturing data of the 
pastures at three sites in Victoria (section 3.2). The first study site to be flown was the SGS at 
“Dundas Park”, Vasey, 45 km north of Hamilton in Southwest Victoria. It was flown at 10.47 
am EST (GMT+10) with a flight heading of -117 degrees. The weather was fine and skies 
clear giving a visibility of ~100km (Table 74, Appendix A and Figure 60 A). The plane then 
continued on to fly the Hamilton LTPE paddocks, two kilometers south of the PVI research 
institute. The aircraft flew over this area at 11.20 am EST with a heading of -118 degrees. The 
visibility for this site was less, 40 km, but skies relatively clear with some cirrus 7/8 and 
cirrostratus 1/8 (Table 74, Appendix A and Figure 60 B). In the afternoon the Ellinbank Dairy 
Farm was flown in two strips to cover the all the paddocks, starting at 3.42 pm EST. Only one 
of the strips were used in the research as the paddocks unique to the second image were not 
sampled. The flight heading was 290-293 degrees. Some small cumulus clouds had formed 
and a few cloud shadows are visible in the imagery (Table 74, Appendix A, and Figure 60 C). 
The wind directions during the day were easterly with low wind speeds.  
A quick look image revealed that the main site, the LTPE, had been missed and an area 
approximately two kilometres to the north had been flown instead and the flight was 
rescheduled. Paddocks in the flown area of the PVI were subsequently sampled and used in 
the research. On March 15, 2001, at 1.30 am EST the LTPE site was imaged again with a 
flight heading of 118–120 degrees. The day was clear with no clouds and the visibility 
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~100km (Table 74, Appendix A, and Figure 60 D). RGB image displays of the four 
unrectified HyMap images show very clearly the big difference in phenological development 
as well as landscape structure (Figure 60 A–D).  
 
 
 
 
A) Vasey  
December 2000 
B) PVI  
December 2000 
C) Ellinbank 
December 2000 
D) LTPE  
March 2001 
Figure 60 Unrectified HyMap images: A-Vasey, B-PVI, C-Ellinbank, D-LTPE. 
In the Ellinbank image cloud shadows are apparent and some cloud appear as white streaks in 
the lower part. The Vasey image is clearly dominated by senescent pastures and so is the 
LTPE March image. The Fokker aircraft carrying the HyMap sensor had been flown at an 
altitude between 1535 and 1696 metres above sea level (MSL) giving a spatial pixel 
resolution of 2.6–2.9 metres for the HyMap images (Table 75, Appendix A). The average 
scene elevation was retrieved from a GTOPO30 DEM during flight.  
A hyperspectral satellite image from the Hyperion scanner flown on the EO-1 satellite was 
recorded at 10.42 am EST on January 19, 2002. The conditions on this day were sunny and 
cloudless (Table 74, Appendix A). The 185 km by 7.6 km image covers an area in the 
southwest stretching from Mt Eccles in the south to the Grampians in the north. The image is 
composed of areas dominated by pasture and cropland with some large remnants of native 
Eucalypt forest (Grampians in the north and Mt Napier in the south) as well as recently 
developed blue gum plantations. The PVI is located just below the middle of the image 
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lengthwise and just to the right of the centre pixels (Figure 61 and Figure 62). The pixel size 
of the unrectified Hyperion image is a nominal 30 metre. 
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Figure 61 Hyperion full scene 
RGB “true colour”, 
unrectified. 
 
 
 
 
 
 
 
 
 
 
Figure 62 Hyperion subset (unrectified) of the PVI farm area. 
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5.2.4 Collation of field sampled data corresponding to hyperspectral imagery 
The field sampled pasture data corresponding to the hyperspectral imagery consisted of ASD 
field spectra and pasture samples and assay results corresponding both to the ASD spectra and 
to the imagery. The latter consisted mostly of paddock pasture samples collected by research 
institute staff along established transects marked with pegs or markers on paddock 
boundaries. The relationship and the timing of these events were outlined in Figure 1, section 
1.3. Details relating to the pasture attribute analysis were covered in sections 3.3 and 3.5.3. 
As described in section 4.2, ASD pasture canopy spectra were captured using different 
techniques during the various campaigns. The treatment and analysis of the plant samples 
were the same as for the samples corresponding to the ASD spectra.  
Transect end points and marked point sample locations were captured using GPS. Since no 
differential GPS data were available the positions were tied to the GIS paddock boundary data 
by measuring the distance from the points to paddock intersections in the field with a 50 m 
tape measure. The data obtained were converted to transect and area (walking average) vector 
data and used to extract image spectra from the HyMap and Hyperion imagery. 
During the field sampling campaigns photos were taken of paddock overviews and specific 
pasture canopies. Descriptions were noted and have been used in the research as needed.  
The sampling points corresponding to the ASD field were reconstructed from the GPS data 
and markings on hardcopy map. However, because of the lack of GPS location precision (+/-
15 metres or five pixels) and the fact that the spectral sampling was done to obtain reference 
spectra for investigation of the inherent pasture variation the ASD point samples were used 
for comparison with image spectra only in a limited sense (Figure 67). 
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5.3 Image processing 
Image processing steps were undertaken in a similar way for the HyMap and the Hyperion 
data with some differences in the detail because of varying needs and available procedures. 
They largely followed the procedure developed by CSIRO for Hyperion data (Apan & Held 
2002; Datt & Jupp 2004; Datt et al. 2003b; Jupp & Datt 2004) with some of these applied to 
the HyMap imagery as appropriate (Table 33). 
Table 33 Summary of hyperspectral image processing steps/tasks. 
Image processing tasks HyMap Hyperion Processing software module 
Re-calibration  X ENVI-CSIRO workshop procedure 
Removal of bad bands 
(and overlapping bands) 
X X ENVI Resize 
ENVI CSIRO workshop procedure 
Removal or fixing of 
bad pixels 
X X ENVI Spectral Editor 
ENVI -CSIRO workshop procedure 
Assessing data 
dimensionality using 
MNF transformations 
X X ENVI MNF transformation 
De-smiling  X ENVI-CSIRO workshop procedure 
De-streaking or filtering  X ENVI-CSIRO workshop procedure 
Atmospheric 
correction 
X X HYCORR/ACORN 
Post atmospheric 
correction processing 
– MNF noise removal 
– EFFORT polishing 
X X ENVI MNF, EFFORT 
Visual assessment of 
effects of post-
atmospheric correction 
on spectra 
X X ENVI plots/EXCEL plots 
Removal of additional 
noisy bands 
X X ENVI Resize 
Georeferencing X X ENVI Map/Georeference from input 
geometry / Map/Registration  
 
Comments on some of the steps are outlined separately below for the HyMap and Hyperion 
imagery.  
5.3.1 HyMap image processing  
The HyMap data products captured in December 2000 and 2001 were provided as individual 
ENVI compatible BIL files for each study site by Hyvista Corporation. The raw image files, 
126 bands or lines, 512 pixels wide, had been processed into “at sensor radiance”, the data 
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being in µW/cm2 sr nm in real numbers, which had been transformed to integer format or 
rather ENVI data type 2 which is 16-bit signed integer (HYVISTA Inc. 2001).  
When first inspected the files showed areas of “saturation” in very bright targets which in the 
16-bit radiance files had been “flipped” to large negative radiance values (<-20,000) in band 
2-10 of the HyMap images for Vasey, in band 2-10 for Hamilton-PVI and band 1 to 31 for 
Ellinbank. The explanation for the “high negative values” is saturation of the channels by 
extremely bright targets such as sun glint on water, highly reflective tin roofs etc. These areas 
get a DN of 0 but when dark current correction is applied these pixels values of 100-200 DN 
are subtracted which when turned into radiance result in large negative values (Cocks 2002). 
These can potentially affect calculation of band statistics used in MNF rotation. Therefore the 
“saturation” problem was addressed by substituting values of afflicted pixel with average 
values from neighbouring values.  
5.3.2 Hyperion image processing 
Due to the experimental nature of the Hyperion sensor a number of processing steps (Table 
33) were undertaken to derive enhanced images to compare to the pasture attribute data. As 
mentioned above the procedure followed that developed by CSIRO (Datt & Jupp 2004; Datt 
et al. 2003b; Jupp et al. 2002) and the CSIRO In-house Workshop documentation (Apan & 
Held 2002). Iterations of some steps and evaluation and decisions regarding input parameters 
used were performed as part of the process since these vary with each unique image and are 
often scene dependant.  
The procedures employed included re-calibration to align NIR and SWIR values, removal of 
“bad pixels” to remove potential effects on image statistics calculation, “de-smiling”, i.e. 
correction for limb brightening (Apan & Held 2002; Jupp et al. 2003), and balancing of 
vertical streaks caused by badly aligned detectors by a filtering method called local de-
streaking. A few sizes of filters were tested on the Hamilton Hyperion image and the final 
local version (Hyperion LFL) was de-striped with a three pixel wide local linear filter for the 
NIR and a 10 pixel wide local linear filter for the SWIR. These are slightly narrower filters 
for NIR and the SWIR than were used by Datt et al. (2003b) to correct their Coleambelly 
Hyperion image but adequately removed the stripes in the research image.  
5.4 Atmospheric Correction 
As discussed in the background chapter (section 2.4.1) much research effort has gone into the 
development of models to reduce the impact of the atmosphere on the reflected 
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electromagnetic radiation from the targets of interest located on the earth surface. This is 
especially important if the image spectral properties are going to be compared to field or 
laboratory spectra. In this research two methods were used to atmospherically correct the 
hyperspectral images and convert the sensor received radiance into reflectance. Atmospheric 
correction program HYCORR2 was used for the HyMap images and ACORN4 mode 1.5 for 
the Hyperion image. Details of the input parameters used are listed in Table 34. 
Table 34 Atmospheric correction input parameters used for HyMap and Hyperon images. 
Atmospheric 
correction program 
Image Input parameters 
HYCORR2 All HyMap images total ozone 0.34 (atm-cm) 
(default, only occurs in the visible bands of the HyMap 
spectrum) 
 All HyMap images Mid latitude summer atmospheric model (closest 
ATREM preset model available) 
 All HyMap images Correction for absorption by all gases (H2O, CO2, O3, 
N2O, CO, CH4, O2) – default 
 All HyMap images H2O vapour modelling parameters – vegetation preset 
(reduces some effect of liquid water in vegetation 
spectra)  
 Vasey , LTPE 100 km visibility (estimated at time of flight) 
 
 PVI, Ellinbank 40 km visibility (estimated at time of flight) 
ACORN4 mode 1.5 Hyperion Hamilton ACORN estimate of visibility was turned on and 100 km 
Atmosphere Visibility used 
 Hyperion Hamilton Atmospheric model – Mid latitude Summer 
 Hyperion Hamilton Derive Water Vapour option was set to 940 nm/1140 nm 
(vegetation default) 
 Hyperion Hamilton Path radiance in water was set to ‘Yes’ 
 Hyperion Hamilton Artefact suppression was performed for Type 1–3 
 
5.4.1 HYCORR atmospheric correction of HyMap images 
Apparent reflectance for the HyMap images was calculated using HYCORR2, a CSIRO 
atmospheric correction software especially developed for correction of HyMap imagery. It is 
based on the Atmosphere REMoval program (ATREM) and Empirical Flat Field Optimal 
Reflectance Transformation (CSES 1999; Mason 2004). ATREM in its turn is based on 
MODTRAN and S5 and was developed for atmospheric correction of AVIRIS airborne 
hyperspectral imagery (Gao, B-C et al. 1993; Smith, M-L et al. 2003).  
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No major cross track illumination effects were evident in the HyMap images although there 
was a general difference in albedo between the two Ellinbank strips because of different 
capture times (sun angle). 
The input data for HYCORR included the HyMap *.hgc_report files which provide image 
geo-parameter data such as latitude, longitude, mean scene elevation, mean flight elevation, 
date and time of day of flight. The files contain summary of the data used and generated by 
the geo-correction process and is provided by HYVISTA as part of the general image file 
package as explained previously.  
Most of the HYCORR atmospheric correction inputs were defaults or chosen after discussion 
with experienced CSIRO staff. The HYCORR/ATREM preset models are somewhat limiting 
but no other alternative for the atmospheric correction of the HyMap imagery was available at 
the time.  
5.4.2 ACORN atmospheric correction of Hyperion image 
Apparent reflectance for the Hyperion image was derived from radiance using ACORN 
(Atmospheric CORrection Now), version 4.0, a product of Reference Analytical Imaging & 
Geophysics, Boulder, CO. It is based on MODTRAN 4, a “forward” radiative transfer 
modelling code (Analytical and Imaging and Geophysics LLC 2001). 
The central wavelength (CWL) and the corresponding full width half max (FWHM) of the 
Hyperion image is in L1B data calculated using the central pixel (i.e. pixel 128). However, 
both the central wavelength and the FWHM vary across a line of pixels. It was later decided 
by USGS EDC to rather use the average CWL and FWHM. CSIRO staff have found that the 
use of the average CWL produces less “spiky” images after atmospheric correction (Apan & 
Held 2002). The de-smiling process the CWL and FWHM uses the average rather than the 
128 pixel basis and hence all Hyperion image files processed in this researched are based on 
the average. The ACORN version 4.0 provides several modes of operation. Mode 1.5 
“Hyperspectral Atmospheric Correction Data with Water Vapour and Liquid Water Fitting” 
was used to atmospherically correct the two Hyperion image versions using a range of input 
parameters as recommended by experienced CSIRO staff. To avoid influence of potential 
variation in atmospheric conditions in the Grampians and Mt Napier the Hyperion scene was 
spatially subset to the study area before atmospheric correction (Figure 62). 
After the atmospheric correction there were still some noisy bands remaining which were 
removed, reducing the 179 band image to 155 bands (Table 35). The selection of stable bands 
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for further processing and analysis minimize residual atmospheric effects (B. Datt et al., 
2003). 
Table 35 Summary of Hyperion bands and approximate wavelength regions (nm) for different levels of 
processing. 
 242-band 176-bands 155-bands 
NIR wavelength range 
(nm) 
356–1058 427–925 448–925 
SWIR wavelength range 
(nm) 
852–2577 932–1346 
1427–1810 
1941-2385 
952–1114 
1154–1336 
1487–1790 
1971–2365 
5.5 Post atmospheric correction 
Different corrections can be made to enhance hyperspectral images after atmospheric 
correction to segregate and reduce persistent noise. Two main techniques were applied to the 
HyMap data, MNF (Minimum Noise Fraction transformation and EFFORT (Empirical Flat 
Field Optimal Reflectance Transformation) polishing. Effects were investigated by visual 
assessment as explained in this section and statistically in section 7.2. Both techniques have 
been reported to produce good results and are part of the standard processing procedure for 
Hyperion (Datt & Jupp 2004; Datt et al. 2003b). However, there is always a trade off between 
trying to remove noise and at the same time retain spectral features of interest. Hence, image 
versions without post atmospheric correction were retained for analysis to assess effects on 
results. Post atmospheric correction procedured employed are explained in further detail for 
the HyMap image in section 5.5.1 and Hyperion in section 5.5.2. In addition comparisons of 
HyMap and Hyperion MNF transformation results are reported in section 5.5.3. 
MNF transformation was performed after atmospheric correction using ENVI. The RSI/ENVI 
version of MNF is a modified approach developed by Green et al. (1988), who actually calls 
MNF the maximum noise fraction as do Vand der Meer & De Jong (2003a).  
The EFFORT polishing technique developed by Boardman (1998) was used post atmospheric 
correction to remove systematic gain and offset errors in the images.  
The gain and offset errors are often in the form of consistently low correction by the ATREM 
algorithm of O2 absorption near 760 nm or improper correction of the two CO2 absorptions 
near 2000 nm or consistent error in the water vapour correction (Mason 2000). EFFORT 
polishing is provided in a limited form as part of the atmospheric correction in HYCORR but 
is also available with more options within ENVI. The reason for also applying it after MNF 
was to further evaluate effects of this noise reduction technique on the hyperspectral data.  
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5.5.1 HyMap post atmospheric correction 
Several versions of the HyMap images were created from the three different post atmospheric 
correction approaches (Table 36) for comparison with un-corrected images (HyMap_noeff): 
EFFORT only, as part of HYCORR (HyMap_autoeff), MNF transformation only 
(HyMap_MNF) and MNF transform and EFFORT polishing using ASD boost spectra as 
implemented in ENVI. The names used in subsequent analysis reporting are listed in the third 
column. 
Table 36 Summary of post atmospheric correction approaches used for HyMap imagery.  
Image name  Post atmospheric 
correction or 
transformation 
Post atmospheric 
correction name 
Reality boost 
HyMap_noeff None NONE None 
HyMap_MNF MNF only MNF None 
HyMap_ASDeff MNF and ENVI EFFORT MNF-EFF Five ASD reflectance spectra 
(Vasey, PVI, Ellinbank) 
Three ASD reflectance spectra 
(LTPE) 
HyMap_autoeff EFFORT within HYCORR HYCORR-EFF General vegetation, two 
minerals (muscovite and 
kaolinite) 
The MNF transformation procedure was carried out separately for the VIS/VNIR detector 
bands 1-62 and SWIR detector bands 63-126, as suggested and reported by Vermillion and 
Sader (1999). Different numbers of bands (Table 42) were retained for the four HyMap 
images and a comparison made (section 5.5.3). 
EFFORT polishing was applied in two ways; to atmospherically corrected spectra as part of 
HYCORR and to the MNF transformed spectra using EFFORT polishing in ENVI. The 
HYCORR software provided an option to apply EFFORT directly after the atmospheric 
correction procedure. The “reality boost” setting of the HYCORR EFFORT option was set to 
use the only green vegetation spectrum and two minerals, muscovite and kaolinite, which is 
the default. The EFFORT algorithm finds the gain for each band that makes the HyMap 
spectra look most like the “true” spectra for a set of calibration pixels (Boardman 1998) and 
usually the algorithm finds ~1000 unique calibration spectra. 
The EFFORT polishing option in ENVI was also utilised because it provided for input of 
reality boost spectra from alternative sources such as field spectrometers. Using a few spectra 
that are characteristic of the area of interest as reality boost spectra can produce better-fitting 
modelled spectra (Research Systems Inc. 2003b). It is not recommended to use more than five 
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reality boost spectra because of the possible unpredictable interaction between them (Center 
for the Study of Earth from Space (CSES) 1999).  
ASD field spectra captured at the time of the HyMap missions were therefore used as reality 
boost spectra. Different spectra were selected for the four HyMap images depending on the 
nature of vegetation present in the study areas. Five spectra were used in the processing of the 
Vasey, PVI and Ellinbank HyMap images, whereas only three were used for the LTPE 
HyMap image processing due to the dryness of the vegetation in this image. For Ellinbank 
only the ASD field spectra captured there were used but for the PVI and Vasey, spectra from 
both Vasey and LTPE December 2000 capture were used to provide representative spectra of 
both green and drier pastures. For the 2001 March HyMap image of the LTPE the drier of the 
field pasture spectra from the LTPE December 2000 capture were used as reality boost 
spectra as none were captured concurrently with the March image acquisition.  
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Five spectra representing a variety of pasture canopies, ranging from greenish Barley grass to 
senescent Rough Dog’s tail were used as reality boost spectra for the Vasey HyMap image 
(Figure 63 and Table 37). Included was also a spectrum of Sorrell as this weed was relatively 
prevalent in sections of some paddocks. 
Table 37 EFFORT input reality boost spectra from ASD set for the Vasey HyMap image. 
ASD no. ASD spectrum name Description 
#085 HyMap-PD 5L-085 Barley grass Barley grass erect and green to 20 cm, some short 
Ryegrass and Sweet Broome mixed in. 
#095 Hymap-Pd 19-2V-095 Silver grass–
Barley grass mix 
Silver grass and Barley grass, senesced and fallen with 
green white clover and some Sweet Broome mixed in. 
#096 Hymap-Pd 19-2V-096 Rough Dogs tail Rough Dog's tail, 10 cm tall, greenish, some leaf litter 
green, immature ryegrass and dry Sweet Broome mixed in. 
#097 Hymap-Pd 19-2V-097 Rough Dogs tail Rough Dog's tail senesced 40-50 cm. 
#100 Hymap-Pd 18V-100 Sorrell Sorrell, green and broad leafed. 
 
 
Figure 63 Plot of the five ASD spectra used as input reality boost spectra for EFFORT polishing of the Vasey 
image. 
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The five spectra representing a variety of pasture canopies were used as reality boost spectra 
for the PVI HyMap image are presented in Figure 64 and described in Table 38.  
Table 38 Description of EFFORT input reality boost spectra used for the PVI HyMap image. 
ASD no. ASD spectrum name Description 
#072 Hymap-PD 2L-072 Ryegrass 
Danthonia Clover 
Ryegrass – Danthonia mix to 40 cm, with White clover in 
lower part canopy 
#075 Hymap-PD 3L-075 Sweet Broome 
Barley grass 
Sweet Broome and Barley grass mix, senesced and lying 
flat. 
#082 Hymap-PD 4L-082 Danthonia and 
silver grass mix 
Mixed Silver grass and Danthonia, with some White clover 
in lower part of canopy 
#085 HyMap-PD 5L-085 Barley grass Barley grass erect and green to 20 cm, some shorter 
Ryegrass and Sweet Broome. 
#092 Hymap-PD 66L-092 Clover green White clover, green, with 10-20 % green leaf grasses 
 
 
Figure 64 Plot of the five ASD spectra used as input reality boost spectra for EFFORT polishing of the PVI 
HyMap image. 
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The input reality boost spectra from the ASD set ranged from very green Paspalum and 
Cocksfoot to flowering ryegrass and senesced Poa (Table 39) providing a diverse set of 
spectra for the Ellinbank HyMap image (Figure 65). 
Table 39 Description of EFFORT input reality boost ASD spectra used for the Ellinbank HyMap image. 
ASD no. ASD spectrum name Description 
#105 Hymap-CM4A-E-105 Paspalum Paspalum, green flattish leaves in a rosette 
#109 Hymap-CM1-E-109 Ryegrass Flowering Ryegrass 
#111 Hymap-CM4A-E-107 Cocksfoot Cocksfoot to 20 cm with green seed heads  
#114 Hymap-AL1-E-114 Foggrass Foggrass budding 
#118 Hymap-AL1-E-118 Poa Senesced and flattened Poa sp. 
 
 
Figure 65 Plot of the five ASD spectra used as input reality boost spectra for EFFORT polishing of the Ellinbank 
HyMap image. 
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The spectra used for the LTPE March HyMap image did not display as great a variation as for 
the other images. However, three somewhat different but senescing canopy spectra from the 
LTPE December spectra were chosen as reality boost spectra (Table 40 and Figure 66). 
Table 40 Description of the EFFORT input reality boost ASD spectra used for the LTPE HyMap image. 
ASD no. ASD spectrum name Description 
#069 Hymap-PD 1L-069 Phalaris Barley grass 
fallen yellow 
Fallen senescing Phalaris, Barley grass and some 
Silvergrass  
#075 Hymap-PD 3L-075 Sweet Broome 
Barley grass 
Sweet Broome and Barley grass mix, senesced and 
lying flat 
#090 Hymap-PD 8-outsideL-090 Straw Flattened senesced straw, no seed heads. 
 
 
Figure 66 Plot of the three ASD spectra used as input reality boost spectra for EFFORT polishing of the LTPE 
HyMap image. 
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A visual assessment of the effects of the processing options on the reflectance spectra was 
undertaken by calculating average spectral statistics for a 22-pixel region of interest (ENVI 
ROI) from the Vasey image versions for each approach. The area was chosen to encompass 
the points from where two of the ASD spectra of Rough Dog’s tail pasture canopy were 
recorded.  
A comparison between the EFFORT polishing option using three default reality boost 
signatures as implemented in HYCORR and the ENVI EFFORT option using five ASD 
reflectance spectra shows clearly the difficult trade off between “polishing” reflectance 
spectra to classical shapes and applying reduced polishing which leaves noisy peaks (Figure 
67).  
The EFFORT polishing option in HYCORR using the three default spectral signatures (green 
line) produced a much smoothed result especially in the SWIR. This could be expected since 
green vegetation spectra contain limited features in the SWIR and the Vasey HyMap image 
has large areas of senescing vegetation whose spectra seem to show absorption features 
around 1750 and 2100 nm. The reflectance MNF-ENVI-EFFORT option with five ASD field 
boost spectra (blue) retained these and much of the reflectance shape (black line).  
 
Figure 67 Plot of 22-pixel average spectra for Vasey Rough Dog’s tail dominated pasture comparing HYCORR 
post atmospheric versions with corresponding ASD reality boost spectrum. HYCORR reflectance 
(black), MNF-EFFORT polishing result using vegetation boost (green) and HYCORR- EFFORT using 
five ASD reality boost spectra (blue) and an ASD spectrum of Rough Dog’s tail pasture captured 
within the area of the ROI average (orange). 
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The two noise peaks at ll40 nm and 2000 are reduced while the peak at 1340 remained 
unaltered. This latter EFFORT option shows more likeness to the orange coloured ASD 
reflectance spectrum of Rough Dog’s tail pasture captured within the average area of the 
image ROI average which also displays the two main SWIR absorption features. The ASD 
spectrum appears to have some absorption in the red region, which is missing from the image 
spectra and the shape of the NIR differ in the region influenced by canopy and leaf structure 
(1050–1350 nm). 
5.5.2 Hyperion post atmospheric processing 
MNF transformation and EFFORT polishing were applied to the Hyperion image reflectance 
in order to investigate the effects of these on subsequent analysis with field attribute data and 
assess usefulness. The MNF transformation of the Hyperion 155-band image resulted in fewer 
stable bands being retained than for the HyMap images, 10 in NIR and eight in SWIR giving 
18 stable bands for the inverse transformation (Table 42). This indicated higher levels of 
noise, which would be expected given the sensor SNR differences. The effects of the MNF 
transformation can be illustrated by visually comparing reflectance spectra with spectra from 
a MNF transformed image as in Figure 68.  
 
Figure 68 Comparison of Hyperion reflectance and MNF transformed pasture spectra. Paddock 66 (green line), 
Paddock 22 (yellow line) and corresponding MNF spectra (black lines) from 155-band Hyperion 
images of the PVI farm. 
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A certain smoothing effect can be seen with the strongest effect visible in the shortwave NIR 
(950–1200 nm) and the SWIR (2000–2300 nm). EFFORT polishing in ENVI of the MNF 
smoothed reflectance was undertaken to investigate the effect of this type of smoothing on the 
image data and the potential further reduction of residual atmospheric and other artificial 
effects. EFFORT was run with a single spectrum average of all the ASD spectra captured 
during the Hyperion overpass (ASD-Hyp_sampled-av-2151-10K-31-2_av). 
Three versions of the Hyperion image reflectance files were created for the subsequent 
extraction of regions of interest and analysis with pasture attribute data (Table 41), no post 
atmospheric correction (Hyperion-NONE), MNF transformed reflectance (Hyperion MNF) 
and EFFORT polished MNF transformed reflectance (Hyperion MNF EFFORT). 
Table 41 Post atmospheric processing versions of the Hyperion image used in subsequent analysis. 
Hyperion image file version De-streaking MNF EFFORT 
Hyperion-NONE Local linear no no 
Hyperion MNF Local linear yes no 
Hyperion MNF EFFORT Local linear yes yes 
 
5.5.3 Comparison of HyMap and Hyperion MNF transformations 
A comparison of the number of MNF components that were reasonably free of noise show 
that more clear bands were available for the inverse MNF transformation of the HyMap 
images compared to those available for the Hyperion image (Table 42). This could be 
expected because of the higher SNR but the difference is limited, especially for the LTPE 
image, which confirms findings by other researchers (Datt et al. 2003b). 
Table 42 Comparison of the number of MNF bands used for inverse MNF transformations for the hyperspectral 
images. 
 NIR MNF bands 
(eigenvalue cut off) 
SWIR MNF bands 
(eigenvalue cut off) 
Total number of 
MNF bands for 
inverse transform 
HyMap PVI 19 (1.45) 15 (1.36) 34 
HyMap Vasey 20 (1.41) 20 (1.12) 40 
HyMap Ellinbank 15 (2.47) 11 (2.68) 26 
HyMap LTPE 11 (4.70) 12 (2.17) 23 
Hyperion 10 (1.86) 8 (3.17) 18 
The operational SNR of the Hyperion sensor is likely to be nearly a magnitude of 10 lower 
(Table 43) than the HyMap if compared with HyMap SNR measured while viewing a 50% 
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reflectance target, solar zenith angle 30 degrees. However, the HyMap SNR measures were 
not made in flight and may be over optimistic for an operational situation. Discussion 
regarding the possible effects of SNR differences between the HyMap and Hyperion sensors 
on the results from the image analysis was discussed in section 2.4.1. 
Table 43 The Hyperion and HyMap signal-to-noise performance at selected wavelengths. Modified from 
Pearlman et al. (2003) for Hyperion and extracted from graph in Cocks et al. (1998) for HyMap. 
Wavelength 
(nm) 
Hyperion Measured 
SNR 
HyMap ~SNR 
(measured while 
viewing 50% 
reflectance target) 
550  161 1600 
650 144 1480 
700 147 1300 
1025 90 1100 
1225 110 1400 
1575 89 750 
2125 40 950 
 
5.6 Georeferencing 
Georeferencing of the hyperspectral images to real world coordinate systems was done to 
facilitate extraction of spectra from regions of interest in the images that corresponded to the 
pasture sampling sites in the field. It followed established procedure with some further 
rectification applied as needed.  
5.6.1 Georeferencing of HyMap data 
The HyMap data were georeferenced using the flight ephemeris data and a built in routine in 
ENVI/Georeference from Input Geometry (Research Systems Inc. 2003b). A geometry 
lookup table (GLT) created from the inflight input geometry file (IGM) that is supplied with 
the imagery was used and a nearest neighbour resampling rectification performed.  
The images were all rectified to a common projection and coordinate system (UTM, WGS84 
datum) using the built in functions. The nearest neighbourhood resampling of the image data 
resulted in a somewhat uncontrolled movement of pixels because a number of pixels across 
the images were duplicated to provide full coverage of image data. However, the 
georeferencing process as implemented in ENVI, is a one step process including registration 
to a geographic coordinate system, which made this process a straightforward repeatable 
process. The size and location of the study areas (outlined in red) in the georeferenced images 
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vary (Figure 69 a-e). The pitch and roll effects created by the aircraft motion are clearly 
visible in the georeferenced images, especially in the Ellinbank image (Figure 69 c). 
a) Vasey b) PVI 
 
c) Ellinbank d) LTPE 
 
Figure 69 Georeferenced HyMap images. a) Vasey b) PVI c) Ellinbank d) LTPE 
3-band true colour (a-c December 2000 R684.59 nm, G562.63 nm, B470.83 nm, d March 2001 R683.6 
nm, G561.9 nm, B469.8 nm). The study sites are marked with a red rectangle. 
When overlaying GIS paddock boundaries for Vasey, PVI/LTPE and Ellinbank rather large 
rectification errors were found. The situation was the same for DSE, Corporate Geospatial 
Digital Library CGDL data such as 25K road layers and alignment with GPS sample points 
and transects. A simple measuring of approximate discrepancies between GIS paddock 
boundaries and visible paddock boundaries in the HyMap image data showed some variation 
between images (Table 98, Appendix H). The largest distances obtained were for the LTPE 
HyMap image (15–45 metres) whereas for the PVI image they were more limited (5–20 
metres). The paddock boundaries overlayed on the LTPE and the PVI images were the same 
but the displacement size and direction were quite different. The aspect displacement was 
reversed for the Ellinbank image compared to the Hamilton images.  
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The reasons for the registration errors are likely to be several, including topographic effects in 
the imagery, which would vary in severity between the sites, with Ellinbank having the most 
undulating topography, the Vasey paddocks showing some height differences and the PVI and 
LTPE study sites being relatively flat (section 3.2). The ENVI GLT-HyMap referencing 
procedure could also have introduced errors.  
To improve the accuracy the HyMap images were therefore also registered to the paddock 
boundaries. Ground control points (GCPs) were obtained from conspicuous features 
identifiable in both the paddock boundary vector data and the image data. The registration 
process used nearest neighbourhood resampling with a first degree polynomial transform. For 
the Vasey image, only paddock boundaries not registered to a geographic coordinate system 
were available, and these were transformed to align with the HyMap image using 
ArcInfo/TRANSFORM procedure (“map to image” registration) using boundary edges and 
road intersections.  
Image to GIS paddock map registration results (RMSE) varied between the images with 
largest RMSE error for the LTPE (2.98 metres) and only 0.93 metres for the PVI image 
(Table 44).  
Table 44 RMSE errors for registration of HyMap images using GCPs. 
HyMap image No of ground control 
points 
Total RMSE 
(metres) 
PVI 20 0.93 
LTPE 28 2.98 
Ellinbank 29 1.60 
Vasey N/A N/A 
 
5.6.2 Georeferencing of Hyperion data 
Because the geometry of the Hyperion data is quite simple, georeferencing of the Hyperion 
images can be carried out by affine or bi-linear transformations using a map base, which gives 
around half a pixel registration accuracy (Datt & Jupp 2004). 
Hence, registration to surveyed paddock boundaries (GIS data supplied by the DPI, Hamilton) 
was undertaken using the ENVI map to image registration procedure. 34 GCPs were collected 
for the Hyperion image subset and the paddock boundary polygon map data giving a total 
RMS error of 0.54 with no RMS exceeding 0.92 for any individual point. Approximately half 
a pixel, could subjectively be said to be the accuracy of the rectification when overlaying the 
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vector paddock boundaries. The Hyperion subset image after georeferencing is shown in 
Figure 70. 
 
Figure 70 Hyperion RGB image after georeferencing. 
5.7 Extraction of spectra from regions of interest 
ENVI regions of interest (ROIs) were created and spectra extracted from the four post-
atmospheric processing versions of each of the HyMap images and from the three versions of 
the Hyperion imagery. 
The process to produce ENVI vector layers for use as ROIs to extract spectra from the field 
sampled areas included several steps and were slightly different for the study sites. The details 
are outlined for each study site below.  
Sample centre points and transect end points were imported into ArcVies using ASCII files of 
points coordinate data from the GPS capture. However, as no differential GPS data was 
obtained the positional accuracy of the GPS points was estimated to +/- ~3–15 metres. The 
position of the sample sites were therefore also determined relative to the paddock boundaries 
by measuring distances between the sites and paddock intersections with a 50 meter tape 
measure or ‘stepping’ meter distances in the field. GIS vector data were obtained in ArcView 
shape files for paddock boundaries or were constructed from other digital data (supplied by 
DPI Victoria). Sample site vector data were created from the field measured distances and the 
  198 
paddock vector data. They were converted to ENVI ROIs for extraction of the image spectra 
used in the analysis with the pasture assay data.  
5.7.1 HyMap regions of interest 
The paddock boundaries and transect lines or points were imported as vector data into ENVI 
and the latter two transformed to regions of interest (ROIs) for each of the four HyMap 
images/study sites, see Figure 71, Figure 73, Figure 75 and Figure 77. Using the ENVI ROI 
tool, the pixels corresponding to transect vector data were selected manually to ensure correct 
correspondence to the overlayed vector data. Spectral statistics were calculated for each ROI 
and image option and mean spectra derived. Spectral libraries were constructed from the ROI 
spectral plot (mean reflectance and mean continuum removed reflectance), which were used 
for further processing and derivation of spectral transformations in ENVI Spectral Math in the 
same way as for the in situ ASD spectra.  
Vasey 
GIS vector data used to derive image spectra included paddock boundaries from farm survey 
data and pasture sampling transect start and end points based on GPS points, field (tape) 
measured distances to paddock intersections and sampling transects marked on hard copy 
maps. 
The survey paddock boundaries (being without projection and coordinate systems as supplied 
by the survey company Brayley and Hayes Pty Ltd) were registered to the geo-referenced 
HyMap image using the ArcInfo TRANSFORM command. The pasture sampling transect 
GPS points were modified using the documented measurements which located the transect 
peg markers on the ground as distance in metres to paddock boundary intersections. This 
information was double-checked against the hard copy maps of transect sampling “routes” 
used by DSE staff when carrying out routine sampling. The transect lines were also shortened 
as appropriate to avoid extracting image areas covered by trees/tree shadows or bare ground. 
21 ROI spectra were created from the blue transect lines (Figure 71). 
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Figure 71 True colour Vasey HyMap image showing vector overlay of paddock boundaries (red) and pasture 
sampling transect lines (blue) as ROIs. 
Plots of the reflectance spectra (Figure 72) reveal a certain variation between the paddock 
transects but in general they show limited absorption in the VIS red (~650 nm) and 
accentuated absorption in the SWIR (~2100 nm). 
 
Figure 72 Vasey HyMap image spectra derived from paddock transect lines. (MNF transformed and ASD Effort 
polished reflectance) 
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PVI 
GIS vector data used to derive image spectra included paddock boundaries from farm survey 
data and pasture sampling centre points from GPS and field measured distances. 
The pasture samples (toe cuts) had been collected randomly over areas determined as 
homogenous and within a circle (diameter of 30 metres) around the marked centre point. The 
sampling centre points were tied to conspicuous features such as paddock boundaries and 
roads by field measured or ‘stepped’ metre distance estimates. 13 ROIS were created from the 
buffered points, green circles (Figure 73). 
 
Figure 73 PVI regions of interest (ROIs), shown in green, sampled in December 2000 marked on a true colour 
RGB HyMap image. 
Plots of the derived reflectance spectra (Figure 74) show a large variation with accentuated 
absorption in the VIS (650–700 nm) for many, indicating green vegetation, and a few 
senescent with marked SWIR (2100 nm) absorption. 
  201 
 
Figure 74 PVI HyMap image spectra derived from paddock transect lines. (MNF transformed and ASD Effort 
polished reflectance.) 
LTPE 
GIS vector data used to derive image spectra included paddock boundaries from farm survey 
data, and pasture sampling transect start and end points based on GPS points and measured 
distances to paddock intersections. 
The March 2001 pasture sample data from the LTPE paddocks were collected as toe cuts 
along established transect lines. The transect end points are marked on the paddock fence and 
were captured using GPS and tape measured distances to paddock intersections.  
The distance between the end points was generally 50 metres creating a transect line 
traversing the paddocks on the diagonal. These transects have been used over the years for 
repeated soil and pasture surveys as part of the LTPE study. ROIs, marked with blue lines 
with yellow ends in Figure 75, were constructed using the location of the transect end points 
but excluding a few suspected paddock boundary “mix” pixels at either end.  
Two of the transect ROIs, corresponding to paddock number 7 and 15, were not used in the 
subsequent comparison with pasture attribute data since the paddocks were bare in March 
2001. Therfore only 13 ROIS were created from the transect lines. 
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Figure 75 Longterm Phosphate Experiment (LTPE), RGB false colour image with paddock boundaries and 
transect ROIs (R865.6, G638.4 and B546.8). Transect are displayed in blue. 
Plots of the reflectance spectra (Figure 76) show some variation between the paddock 
transects with no pigment absorption in the VIS and accentuated absorption in the SWIR 
(2100 nm), indicating strongly senescent pastures. 
 
Figure 76 LTPE HyMap image spectra derived from paddock transect line ROIs. (MNF transformed and ASD 
Effort polished reflectance.) 
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Ellinbank 
GIS vector data used to derive image spectra included paddock boundaries from farm survey 
data and pasture sampling transect start and end points from markings on boundary posts in 
the field captured with GPS and transformed field measurements. 
Twenty-eight paddocks were sampled along established transects on the 5th of December, 
2000, two days before the HyMap fly over. Sample transect locations were tied to the GIS 
paddock boundary data by using stepped metre measurements from paddock intersections and 
transect end point markers. 23 ROIS were created from the transect lines (Figure 77). Of 
these, five were affected by cloud shadow and excluded from further analysis. 
 
Figure 77 Ellinbank sampled transects (ROIS) in blue and paddock boundaries (red) on RGB Ellinbank image 
mosaic. Blue/white colour marked transects were sampled but excluded from spectral analysis due to 
cloud shadow.  
Plots of the reflectance spectra (Figure 78) show a large spectral variation between the 
paddock transects with accentuated absorption in the VIS (650–700 nm) for many indicating 
green vegetation and a few senescent with marked SWIR (2100 nm) absorption. The low 
albedo of some of the ROI spectra in cloud shadow are clearly recognisable. 
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Figure 78 Ellinbank HyMap image spectra derived from paddock transect line ROIs. (MNF transformed and 
ASD EFFORT polished reflectance. 
Different numbers of ROI spectra were extracted from each image with most for Ellinbank 
(n=27), although four of these were in cloud shadow, followed by Vasey (n=21). 13 ROI 
spectra were extracted from the PVI image and 16 from the LTPE including the bare 
paddocks, resulting in 71 ROI spectra used for analysis with pasture assay data (Table 45).  
Table 45 ROI number and type extracted from the HyMap images. 
Image Number of ROIs 
spectra extracted 
(number used 
for analysis) 
Type of ROI Comment 
Vasey 21 (21) Line  
PVI 13 (13) Polygon  
LTPE 16 (14) Line Two bare paddocks 
excluded 
Ellinbank 27 (23) Line Four cloud shadow 
affected ROIs 
excluded 
Total 78 (71)   
 
5.7.2 Hyperion regions of interest 
From the Hyperion images ROIs were created from the location of pasture samples ‘toe cuts’ 
(n=38) sampled at random within areas of ~30 metre diameter at ~50 metre spacing in 
transects across the paddocks and using sample locations of the ASD field spectra capture 
sites (n=24). The locations were derived from GPS data from the marked centre points of the 
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areas sampled and checked against hard copy maps with the planned locations and 
descriptions. The location of the sampling sites were also adjusted to paddock 
boundaries/intersections with ‘stepped’ meter distance estimates for improved accuracy.  
For two paddocks Pd 27A and Pd 67 the instruction to collect pasture samples in areas of 30 
metre diameter with 50 metre spacing was misunderstood and these two pasture samples were 
collected at random intervals along the transects. In addition, the pasture samples were not 
subdivided into two (for separate chlorophyll and NIR/lignin-cellulose analysis). Hence, only 
chlorophyll data were available for these two paddocks for analysis with image data. 
The locations of the ASD field data points (yellow), the sampling transects/areas (magenta) 
and the line transects of Pd 27A and Pd 67 (light blue) are shown in Figure 79.  
 
Figure 79 Hyperion RGB image overlayed with transect sample points (magenta), transect sample lines (light 
blue) and ASD field data points/areas (yellow) and GIS paddock boundaries (grey). 
The resulting vector data were converted to ENVI ROIs. Not all ROIs derived were used in 
subsequent analysis. Six sampling sites from one paddock (next to PVI paddock 7) were 
excluded because of very uncertain sampling location. The ROIs corresponding to ASD single 
spectrum sampling points were also excluded from further analysis with pasture quality 
pasture assays as sites with such limited spatial extent would be inappropriate to relate to 
spectra from 30 metre Hyperion pixels. 
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Table 46 Summary of image ROIs created for the Hyperion imagery for comparison with pasture sample 
attribute data. 
Name of transect (Paddock) Number of 
ROIs 
ROI type Comments 
Pd 25 3 points (1 pixel) Captured with cherry 
picker 
Pd 27 1 line (7 pixels) transect 
Pd 42B 6 point (1 pixel)  
Pd 45:1 6 point (1 pixel)  
Pd 45:2 6 point (1 pixel)  
Pd 53 6 point (1 pixel)  
Pd 56-1 6 point (1 pixel)  
Pd 56-2 5 point (1 pixel)  
Pd 66 5 points (1 pixel)  
Pd 67 1 line (4 pixel) transect 
Pd 68 4 points (1 pixel)  
Total 49   
Spectral statistics were calculated for the average or single pixel image spectra extracted from 
the ROIs versions using ENVI ROI statistics. The plot versions of the statistics were saved as 
spectral libraries. Plots of Hyperion image mean reflectance spectra (Figure 80) show great 
variation in absorption features in the VIS, NIR and SWIR. However, it was noted that two 
ROIs (Pd 68-1 and Pd68-2) ended up having the same spectrum because of the close sampling 
locations and duplication of pixels from the georectification process (nearest neighbour 
replacement). 
 
Figure 80 Hyperion image spectra derived from ROIs. (Reflectance, MNF transformed). 
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Transforms were applied to the mean reflectance spectral library for each image processing 
version, repeating the methodology (ENVI/IDL algorithms and programs) applied to the ASD 
spectra and included:  
• Reflectance, R; 
• First derivative R, R-D; 
• Pseudo absorbance, LOG1R; 
• First derivative of LOG1R, LOG1R-D; 
• Reciprocal reflectance, 1R; 
• First derivative of 1R, 1R-D; 
• Continuum removed reflectance, CR; and 
• First derivative of CR, CR-D. 
In addition continuum removed absorption feature spectra (with modification to the IDL 
programs to adjust calculations of area and depth of features based on irregular distance 
between the bands). This produced an additional set of image spectra transforms: 
• First derivative of continuum removed R, relative depth values, DEP-D; 
• Continuum removed R normalised to area of absorption feature, BNA; and 
• First derivative of BNA, BNA-D. 
Eleven spectral library transforms were derived including the reflectance spectral library for 
each of the four and three image processing version producing 44 spectral libraries for 
HyMap and 33 for Hyperion respectively. 
5.8 Summary and discussion 
The hyperspectral imagery used in this research was captured by an airborne sensor, HyMap 
and the experimental EO1 satellite sensor Hyperion. These two sensors produce data with 
different spectral, spatial, and radiometric resolutions. In addition, the capture mechanisms are 
not the same (section 2.4.2) and hence the characteristics of the images vary. 
However, the processing steps used for the images from the two sensors were similar. Pre-
processing was quite straight forward and followed established procedures. However, the 
results of the steps needed to be evaluated and an iterative process was necessary as different 
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options required testing. This was quite time consuming and the time needed to evaluate 
intermediate processing results should not be underestimated. The HyMap images did not 
require re-calibration, de-smiling or destreaking which was performed for the Hyperion 
image. Different atmospheric software was used as none was available that could be used for 
both data sources. It would possibly have been better from an application point of view if the 
same software had been used for both. The interpretation of the results and dealing with 
anomalies might have been easier as would the appropriate comparison of spectra from the 
two sensors. 
Post atmospheric processing involved for both spectrometer image types MNF transformation 
resulting in an awareness of the inherent noise being different for the HyMap and Hyperion 
images with Hyperion using less bands (18) in the inverse transformation than the HyMap 
images that varied from 23 for the LTPE March 2001 image to 40 bands for Vasey, December 
2000. In addition, for the HyMap images representative spectra from the four study sites were 
chosen to provide input into EFFORT polishing. For Hyperion data one average spectrum was 
used. The visual assessment of the effects of the post-atmospheric processing showed clear 
smoothing effects especially in the SWIR region, with stronger effects from EFFORT 
polishing than from MNF transformation only. 
The georeferencing process was different for the HyMap images compared to the Hyperion 
image. For the HyMap images inflight GLTs could be used to rectify the images. Positional 
errors estimated from this georeferencing result varied for the images. Further rectification 
was conducted using GIS vector layers of paddock boundaries. For the Hyperion image GCPs 
from digital roads and paddock boundaries were used for georeferencing. Although GPS data 
of the sampling sites were available they were not differentially corrected and had an 
estimated error of 3–15 metres. The location of most sampling sites were therefore tied to the 
paddock boundaries by estimating distances from transect end points or area centre points to 
paddock intersections in the field with a tape measure. These efforts were warranted in order 
to be able to align the location of pasture sampling sites as closely as possible with the image 
data for extraction of regions of interest (ROIs). The spatial location accuracy of sampling 
transects and areas was therefore estimated to be in the order of the RMS errors of the image 
registration to the paddock boundaries, i.e. 1/3–1 pixel for HyMap and ½–1 pixel for 
Hyperion.  
Pasture samples for attribute analysis had been gathered randomly along quite long transects 
for some paddocks and may not be quite representative of the spectral pixels representing the 
transect. Hence the correspondence of the assay results to the extracted image spectra ROIs 
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could be less than ideal. The sampling for the Hyperion image ROIs could also have been 
improved by defining the locations of boundaries of sampled areas with a differential GPS 
and ensuring better separation of a couple of the sampling locations. 
Image spectra were extracted from the ROIs for subsequent analysis of their relationship with 
pasture quality attribute assays. The mean reflectance of the resulting ROIs, collated in 
spectral libraries for each image, were transformed in the same way as the ASD in situ spectra 
(section 4.4). 
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CHAPTER 6  
ANALYSES OF THE RELATIONSHIP BETWEEN  
IN SITU SPECTROMETER DATA AND PASTURE QUALITY  
6.1 Introduction 
Numerous methods have been tested and improved upon by the hyperspectral research 
community to relate properties of vegetation to spectral data (section 2.5). They vary in 
success depending on application and there is a need for simple methods that work in 
uncontrolled environments such as the temperate grasslands of Victoria. The ability to 
appropriately assess the relationship between spectral data and pasture attribute data would 
progress the ability to predict quality attributes from spectral data and create maps of spatial 
distribution of different levels of pasture quality that can be used as input into management 
decisions.  
The objective of this research was to investigate the nature of the relationships between in situ 
canopy spectra and pasture attributes related to feed quality, and to assess the predictive 
capacity and potential for prediction of attribute content levels from hyperspectral pasture 
spectra (section 1.2). This chapter therefore describes the methods used for investigation and 
reports on the results from the analyses undertaken (Figure 81).  
The first part of the chapter (section 6.2) describes the analyses employed and the second half 
reports on the results for each method (sections 6.3 and 0). The chapter concludes with a 
discussion of the results from the different approaches and conclusions reached (6.5) 
including a pathway for analysis involving the image spectra. 
The methodology used for the analysis of relationships between pasture quality attributes and 
spectral data consisted of a series of steps using various methods where the experimental 
scrutiny of results of some steps led to a modified approach in the next step while building on 
the experience in previous steps. 
In the first step all available pasture sample assays corresponding to in situ spectra and some 
transforms for all six attributes was analysed with univariate regression (section 6.2.1) to 
provide an indication of relationships to the spectral data (section 6.3.1). This was followed 
by stepwise multiple linear regression (SMLR) analysis (section 6.2.2) using all available 
samples and all transforms described in CHAPTER 3 and CHAPTER 4. 
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Figure 81 Overview of structure of Chapter 6. 
Specific assessment of the effects on results of pre-processing techniques applied to the 
spectral data (section 4.3) was then undertaken for the best performing models (section 6.3.2). 
A few of these models were subsequently analysed with partial least squares regression 
(PLSR) to provide a comparison to SMLR (section 6.3.3). These results supported an 
extension of PLSR that included all the best performing transform types. Several 
modifications to the SMLR and PLSR analysis approach were undertaken using subsetting of 
data (based on findings from CHAPTER 3), section 6.3.4. Since one of the aims of the 
research was to evaluate the potential of using HyMap and Hyperion bands for discrimination 
of pasture constituents resampling of ASD field spectra to HyMap and Hyperion band passes 
(section 6.4) was performed. The results also provided a basis for comparison with image 
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spectra (CHAPTER 5) with specific assessment of spectral sensitivity using the results from 
the best performing actual pasture quality attributes, digestibility, crude protein and cellulose.  
Analyses of the spectral and sample data relationships were undertaken using a laptop PC 
running Windows 2000. Several software programs were used for statistical analysis 
including JMP®, version 5.0.1.2, Microsoft EXCEL and modules such as XLSTATS (Carr 
2000). ENVI4.1/IDL 5.0 was used for univariate regression and resampling of ASD data to 
hyperspectral image band passes. SMLR was carried out using JMP®, version 5.0.1.2 and 
PLSR using Unscrambler®, version 9.1.03. 
6.2 Analysis 
Different types of statistical analysis were used to investigate the relationships between the 
ASD spectral field data and the pasture attribute data. There is seldom one method which can 
be preferred over all others (Naes et al. 2002). The reason for choosing the ones tested in this 
research is the success reported in the research literature using similar data for related 
applications (section 2.5.3). The two regression methods, SMLR and PLSR, have dominated 
the analysis of the relationship between spectral information and biochemical attributes of 
interest as reported by the research community and univariate regression often used to provide 
an initial indication of the level spectral sensitivity present in the data under investigation. 
All 87 spectra and their corresponding pasture assay results were initially analysed together to 
retain as much as possible of the available inherent sample variation and diversity. Therefore 
calibration equations were first developed on the full set of available ASD canopy spectra and 
included plant and pasture canopies with varying proportions of green and senesced plant 
material. 
Several modifications to the analysis approach were undertaken because the results from the 
analysis of the pasture samples and the spectra themselves had indicated possible inherent 
grouping of the samples. Both SMLR and PLSR analyses were carried out on the spectra 
divided into subsets based on these findings (sections 3.6 and 4.6). Resampling of ASD 
spectra to HyMap and Hyperion bandpasses was undertaken to investigate the effects of 
different band positions and changes to absorption feature characteristics on the analyses 
results, which could give an indication of resolution needs and scaling issues related to 
integration of field, aerial and satellite spectrometer data. 
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The main modifications undertaken were: 
• creation of three subsets based on spectrum type/capture date and weed content 
and SMLR and PLSR analysis of select transforms for comparison with the 
results for the combined sample set; 
• creation of four water content levels to assess differences in performance from 
SMLR and PLSR at different levels and comparison to the combined samples 
set; 
• creation of a hierarchical approach to the analysis based on weed content and 
green/dry proportions as well as grass/clover; and 
• resampling of spectra to HyMap and Hyperion bandpasses to assess effect on 
results from PLSR for select transforms of different band passes and band 
positions. 
In addition tests for effects on results because of sample size differences and randomisation of 
sample assay data were performed to provide background data for assessment of the results 
from parts of the modified approach. 
6.2.1 Univariate regression 
As reported in section 2.5.3, simple univariate regression can be used to identify wavelength 
regions of the pasture field spectra corresponding to a heightened sensitivity or possible 
association to a canopy biochemical. Therefore correlation analysis was initially performed on 
all 87 ASD spectral samples and the six pasture attributes. The correlation was performed on 
every band/wavelength and so called correlogram plots1 were produced showing the 
correlation with a pasture attribute as a curve across the spectrum.  
The linear or product-moment correlation coefficient also called Pearson r is the most widely 
used type of correlation coefficient (Ott 1988). The Pearson correlation coefficient R is 
defined by Equation 5 (Ott 1988); 
yyxx
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R =  
Equation 5 
                                               
1
 Correlogram. (n.d.). McGraw-Hill Dictionary of Scientific and Technical Terms. Retrieved Dec, 2008, from Answers.com Web site: 
http://www.answers.com/topic/correlogram 
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where Syy is defined by Equation 6  
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Equation 6 
And where S is the standard deviation and n the number of data pairs to be correlated. 
Simple linear correlation determines the level to which values of two variables are linearly 
related to each other. The correlation coefficient represents the relationship between the two 
variables and the sign gives the phase between the two. (The coefficient of determination, R2 
is the square of the correlation coefficient R and represents the proportion of common 
variation, i.e. the strength of the relationship (Statsoft Inc. 2004)). 
The R values for a selection spectral transforms were plotted along a spectral X-axis to 
produce correlograms. Significant levels of R were determined from an ‘R significance’ 
calculator (Lowry 2007) and also displayed to provide a graphical representation of where 
spectral regions of higher sensitivity may be located.  
6.2.2 SMLR method description 
Stepwise multiple linear regression (SMLR) is a form of multiple linear regression (MLR), 
which is a parametric method used to describe and interpret relationships between a response 
variable (Y-variable) and several predictor variables (X-variables). The purpose is usually 
explanatory or predictive (CAMO Inc. 2004). It has been widely used by the remote sensing 
community to correlate spectral data with vegetation parameters (section 2.5.3).  
In SMLR the dependent variable Y is represented by the measured attribute, for example a 
biochemical, whose value we seek to predict using the independent X-variables, which in 
spectroscopy and remote sensing are usually represented by reflectance values, or transforms 
thereof, for each wavelength in the recorded spectrum. SMLR selects the predictor X-
variables to include in the multivariate regression equation in a stepwise fashion assessing the 
contribution (partial correlation) of the X-variables to the equation for each step based on 
some criterion (partial F-test statistics) for assessing the beneficial contribution to the 
equation. Different statistical software implement SMLR with slight variations (Naes et al. 
2002). For this research JMP® was used and the SMLR regression equation was developed 
by successive insertion of the predictor X-variables into the equation based on the 
classification of their partial correlation with the dependent variable. The ‘mixed’ option was 
used which meant that predictor variables were removed when their partial F-value fell below 
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the assigned F percentage point. The software default value of 0.250 was used for both 
equation entry and exit. 
The main reasons for testing SMLR in this research were the documented successful use of 
SMLR to describe relationships between vegetation attributes and spectral data and the 
availability of software/procedure to carry it out. However, a number of assumptions 
regarding the input variables that underpin the appropriate use of SMLR have been described 
(Jago 1998; Kumar et al. 2001; Naes et al. 2002) and are summarised in Table 99, Appendix 
I. The assumption of data normality for SMLR can be criticised as it is actually not the data 
themselves that need to be normally distributed for regression but rather the regression error 
(Lowell 2007). In this research some assays were normally distributed for some attributes 
with variations depending on subsets (section 3.4). There is a risk of overfitting SMLR 
equations by using too many wavelengths in the regression equation. Hruschka (1987) 
recommends using 5–15 samples per constant and for each varying wavelength in an SMLR 
equation as a criterion. In this research the number of regressor terms was therefore 
conservatively limited to five. Concerns regarding the portability of SMLR prediction 
equations have also been raised by the research community (section 2.4). Hence, SMLR was 
mainly used to explore relative differences between transforms of the spectra using the 
coefficients of determination, R2 and the wavelength selections and to compare performance 
between pasture attributes without any attempt to use the SMLR equations for prediction. R2 
was given by Equation 7 (Everitt 2002). 
∑
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Equation 7 
Adjusted R2 was calculated from the SMLR R2 to provide a further basis for comparison 
between methods and pasture attributes, as R2 is sensitive to the number of variables in a 
model whereas adjusted R2 also takes into account the number of explanatory terms. Adjusted 
R2 was defined as in Equation 8 (Everitt 2002); 
1
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Equation 8 
where p is the total number of regressor in the linear model, and n is sample size. 
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It should be noted that R2 is a percentage and adjusted R2 an index value and therefore do not 
have the same interpretation. The numerator in R2 can only increase with additional variables 
and the denominator is fixed, whereas adjusted R2 can decrease in value if the contribution to 
the explained deviation by an additional variable is less that the impact on the degrees of 
freedom.  
The questions sought to be answered by SMLR were limited to: 
• Do any transform groups or types produce better results than any others and is 
there a difference between the attributes? 
• Do filter sizes influence the results, and if so, are some transform groups or 
types more affected? Is there a difference between attributes? 
• Do the wavelengths with the highest R2’s selected by the transforms relate to 
known major absorption features or wavelengths with known relationship to 
specific plant constituents?  
• Are there any differences between the pasture attributes and what effects do 
the pre-treatment techniques have on the results? 
6.2.3 PLSR method description 
PLSR is a spectral decomposition/data compression technique related to principal component 
analysis (PCA) and principal component regression (PCR) and falls under the heading of bi-
linear (“soft”) modelling. It is a type of factor analysis where a large set of data variables is 
reduced to a smaller set of principal components (PCs), also called latent variables or factors 
or score vectors. The resulting PCs are latent variables where latent means that the variables 
are not manifest, i.e. they cannot be measured directly (Martens & Martens 2001). They are 
called principal because they are particularly dominant or relevant and summarise the 
systematic patterns of variation in the data. 
However, the difference between PCA/PCR and PLSR is that PLSR uses the variation in the 
Y-variable(s) and the X-variables near simultaneously during the decomposition process to 
ensure that the derived PCs are also relevant to the Y-variable. Each component is obtained 
by maximising the covariance between Y and all possible linear functions of X. Another 
advantage with PLSR is if data noise, such as light scatter, has a greater influence on the 
spectra than the attribute variation. The reason is that the attribute variability is incorporated 
in the first more important components and the noise in the later less important (Bolster et al. 
1996). 
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PLSR is traditionally used to derive a calibration model for an attribute of interest based on a 
set of calibration/training samples and their measured values. This model is then used to 
predict attribute values of other independent test samples. The results are compared to 
corresponding measured sample values to test the accuracy and precision of the prediction 
model. For further details regarding the PLSR method refer to Appendix K, and works by 
Martens and Martens (2001) and Naes et al. (2002). 
Models are more likely to be robust in relation to limited calibration data set sample sizes and 
to varying target composition, illumination, and path length factors if the full spectral range is 
used to derive each of the factors for the prediction model rather than relying on a few 
selected wavelengths with the largest common spectral variation (Kumar et al. 2001). 
The main advantages of PLSR compared to SMLR are: 
•  PLS is insensitive to collinearity between spectral variables; 
• the number of spectral variables can far exceed the number of samples; and 
• PLS can be used on small samples sets with non-parametric properties 
PLSR has been used in spectroscopy with well documented success to predict different 
substance properties from spectral data and the remote sensing community have, with the 
advent of imaging spectrometers, started to investigate the use of this method to correlate 
earth surface properties to hyperspectral data (section 2.5.3). PLSR is considered “distribution 
free”, i.e. the data is not required to conform to specific distribution shapes. As only some of 
the pasture quality attribute sample subsets conform to normality (section 3.5.1) together with 
the promising results from hyperspectral research, PLSR was considered well suited for use 
on the data in this research. It was used for testing of the predictive capacity of the data and to 
evaluate effects on results between pre-treatment techniques and to assess differences between 
pasture quality attributes and scales. 
PLS regression was carried out using the Unscrambler® software Version 9.1.0.3. The number 
of allowed PCs/factors was set to 15 to limit processing time. However, after inspecting 
graphs of the RMSEP value development for suggested optimum models with more than 10 
PCs it was decided to only use models with less than 10 PCs in the analysis of the results. The 
reason was to avoid overfitted models that had ‘slipped’ through because of inherent 
instability induced by some samples that experimentation with removal of high leverage 
samples indicated. (Or perhaps the code is not quite suited to the level of noise in some data.) 
The data (both X- and Y-variables) were mean centred (mean = 0 and SD = 1) before running 
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the PLS regression as it enhances the between sample variation. This creates a model without 
an intercept term (Huang, J-F & Apan 2006). The PLS regression was run with ‘full leave-
one-out’ cross validation, where each sample is excluded once and used for prediction and the 
PLS calibration and prediction statistics are calculated on the average of all runs. As there 
were limited number of samples the validation using separate test samples for validation was 
not undertaken. The number of optimum PCs was taken from the suggestions by the software. 
PLSR analysis as applied in The Unscrambler® provides a choice when using full cross 
validation to assess and save significant X-variables derived from Marten’s Uncertainty test 
based on a Jack-Knifing procedure. The PLSR process was subsequently re-run for each 
transform using only the identified significant X-variables.  
The first derivative transforms of the absorption feature spectrum group produced extremely 
high regression coefficients for the first and last wavelengths of each of the major absorption 
features using the Unscrambler PLSR. Consequently these wavelengths were omitted from 
the analysis for all transforms. The wavelengths next to the breaks in the wavelength 
sequences, created by the removal of the “bad” band regions, behaved in a similar way and 
were also excluded from analysis. The explanation for this mathematical “behaviour” is that 
the derivative process is sensitive to abrupt changes caused by the breaks in the spectra and 
subsequently produces obscure values for the endpoints because the values of the subsequent 
points for the interpolations often have significantly different values. This exclusion did not 
affect the number of factors suggested by cross validation or the overall variance explained by 
the prediction equations.  
A combination of the most common statistics and plots analysed by other researchers was 
used to assess the result and aid discussion in the research. The PLSR outputs used included: 
• optimum number of PCs from full cross-validation and score plots for each; 
• plots of predicted versus measured attribute values (calibration and validation) 
and the regression equation statistics (slope, offset, correlation R, RMSEC and 
RMSEP, SEC or SEP, bias); 
• %Y-calibration and %Y-prediction residuals and explained variance; 
• X-loading-weights and prediction regression coefficients with significant 
variables identified from significance testing–uncertainty limits; and 
• plots of outliers. 
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Of these RMSEP (from full cross validation), the correlation coefficient R, plots of regression 
coefficients and factor loadings, plots of significant variables were the main factors used to 
determine relative better performance between the derived PLSR prediction models for an 
attribute. R was used in preference to the coefficient of determination R2 to retain the sign, 
because some results showed a negative correlation. However, the adjusted R2 was calculated 
for comparison with results from SMLR. Suggested sample outliers including leverage were 
reviewed and assessed. 
When close in statistical values, a model with higher explained variance and/or fewer PLS 
factors would be assigned as better performing in preference to a model with slightly lower 
RMSEP. The explained calibration variance and number of PCs are considered important for 
the practical usefulness of prediction models and rather than simply relying on RMSEP as an 
indication of model performance should also be taken into account (Martens & Martens 
2001). In addition, a measure of relative error or coefficient of variation (CV), here the ratio 
between the interquantile (IQ) range (20th and 80th percentiles) and RMSEP was used as a 
relative measure of predictive capacity (section 2.5.3) when comparing results between 
attributes and between sample subsets. This CV was deemed more suitable than the 
commonly used relative errors SD/RMSEP as the pasture sample populations had showed 
differences in distribution characteristics and the use of the standard deviation (a parametric 
statistics) as measures of variance could be considered inappropriate. The 20th and 80th 
percentiles were deemed to appropriately exclude extreme values at both ends of the attribute 
ranges for non-normal distributions that would incorrectly influence measures of standard 
deviation. A ratio above 2.5, using standard deviation/RMSEP, has been reported in 
laboratory spectroscopy to indicate that a model would be adequate for quality screening 
purposes and above 3.0 for quantitative analysis (Park et al. 1998; Schut 2006). These values 
correspond approximately to a CV (IQ range/RMSEP) of 4.1 and 4.9 respectively. 
Adjusted R2 was calculated using PLSR correlation R for the validation model, but as it is 
also based on both n and number of PLS PCs this number influence results; the higher the 
number of optimum PCs needed the lower the adjusted R2. 
6.2.4 Modified approach 
Discriminant analysis of pasture assay results versus study site had shown groupings as had 
the 87 ASD spectra versus spectrum type, spectral average and capture date. This was an 
indication that the predictive capacity of the data might vary between groups/subsets of the 
data because of inherent population differences.  
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Phenological differences between and within the study sites resulted in quite wide attribute 
ranges related to levels of greenness/senescence. Splitting samples based on high and low 
attribute ranges to produce separate calibration equations is known from NIRS to be able to 
sometimes produce better correlation results (Clark, DH 1989). Field spectra were recorded 
using different methods at the three campaigns producing a variation in inherent spectral 
properties between study sites and capture dates. 
A modified analysis approach was undertaken by subsetting the samples based on identified 
groupings and the results were compared with those from using all 87 ASD spectra and their 
corresponding pasture attribute assays (Table 47). The three main modified approaches used 
samples based on water content, a hierarchical division using matrix categories of greenness 
and species groupings, and subsets based on study sites/spectrum types. The reduced sample 
sizes of the subsets were expected to positively affect the SMLR R2 results because of the 
inherent sensitivity to sample size. A simple assessment of sample size effects was therefore 
conducted using results from the different subsets. 
Table 47 Summary and description of the sample subsets and analyses used in the modified approach. 
Modified 
approach 
Subset name Matrix 
categories / 
attribute classes 
Description Analysis 
method 
Water 
content  
Water 
content 
Five classes Subset of samples for which water content 
was available, further divided into <800 
mg/g, <750 mg/g<700 mg/g, <650 mg/g 
and all water samples 17.86–898.92 mg/g 
SMLR/PLSR 
Hierarchical  Dry/Senesced Green–dry 
proportion 
Dominated by NPV PLSR 
 Green Green–dry 
proportion 
Monocotyledon–
dicotyledon 
proportions 
Dominated by PV 
Further divided into monocotyledons and 
dicotyledons 
PLSR 
 Grass Species groups Grass dominated PLSR 
 Clover Species groups Clover dominated PLSR 
Subsets 
based on 
spectra 
differences 
ASD-2000 
 
Study sites 
Spectra type  
Spectral 
averaging 
Spectra captured December 2000  
spectra type (single spectrum of plant 
canopy), spectral averaging 10 
SMLR/PLSR 
 ASD-2002  Study sites 
Spectra type  
Spectral 
averaging 
Spectra captured 2002 
spectrum type – mostly canopy average 
spectra, internal spectral averaging – 50 or 
200 
SMLR/PLSR 
 ASD-no 
weeds  
Species groups Spectra described as containing a high 
proportion of weeds were excluded. 
SMLR/PLSR 
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Both SMLR and PLSR methods were used to analyse effects of the major subsetting whereas 
only PLSR was used to analyse effects of different water content and for the hierarchical 
approach. The water content analysis was carried out using crude protein, digestibility, lignin 
and cellulose and for the hierarchical approach only crude protein was used. 
Water content based approach 
Since high plant water content is known to mask more subtle absorption by nitrogen, protein, 
lignin and other substances in the SWIR region (Curran et al. 2001; Kokaly 2001; Kokaly & 
Clark 1999; Serrano et al. 2002), the test was undertaken using two transforms, R-D (first 
derivative reflectance) and BNA (continuum removed reflectance normalised to the areas of 
the six major absorption features). The former was included because of high scoring for most 
attributes and the latter because normalised continuum removed spectra have been reported to 
be less sensitive to water content differences (Huang, Z et al. 2004). The samples for which 
there were water content assay data were subdivided into four levels of water content while 
trying to maximise the number of samples in each class. Both SMLR and PLSR were run with 
the two transforms and four subsets for crude protein, digestibility, lignin and cellulose. 
Hierarchical approach 
Intuitively a division into monocotyledons (grasses) and dicotyledons (clover and weeds) 
makes sense because of the inherently different canopy structure and internal cell structure 
between the two. Discriminant analysis (section 3.4.2.) confirmed some grouping tendencies 
based on this division. However, this was not confirmed by discriminant analysis of principal 
components using the spectral data. A trend of greener canopy samples to separate from drier 
had also been shown using discriminant analysis of the five (six) attributes versus dry-green 
matrix groupings (see section 3.4.2). In addition there was an indication that using average 
normalised spectra (section 4.5.2) and linear regression analysis of REIP versus chlorophyll 
that groups of data within the combined ASD samples corresponded to a division into green 
and dry dominated samples (section 4.3.1).  
Therefore three other potential major inherent canopy sample groupings were considered: 
• green or PV dominated vegetation versus dry or NPV dominated; 
• monocotyledon dominated versus dicotyledon dominated; and 
• grass dominated versus clover dominated 
Subsetting the data into two major groups based on the matrix classification produced one 
“green dominated” set (n=51) and “dry dominated” (n=26). The monocotyledon-dicotyledon 
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classifications were divided into “monocotyledon dominated” (n=62) and “dicotyledon 
dominated” (n=13). PLSR analysis was undertaken of each subset and crude protein. The 
results showed that no improvement in predictive capacity (e.g. RMSEP and correlation) was 
obtained for any of these sub samples compared to the combined full sample set for any 
attribute and was therefore not reported. 
As the number of samples was limited and an improvement on prediction results by 
subdividing samples into subsets based on separation of species types had been shown by 
Mutanga et al. (2004b), a hierarchical approach was devised to investigate whether an 
enhancement in predictive capabilities could be ascertained also for the research data (Figure 
82).  
 
Figure 82 Overview of simple hierarchical subset approach using matrix groupings of samples/spectra. 
The approach was also based on the notion that the greener sample set (with still a large 
variation in crude protein values) could show greater spectral sensitivity and predictive 
capacity than the entire sample set if weed samples and senescent samples were removed. The 
resultant green sample subset were further divided on major species groups by separating 
grasses and dicotyledon (mainly clover) dominated samples. The spectral transform used for 
the comparison was 71-LOG1R-D which had indicated the highest predictive capacity both 
from SMLR and PLSR for crude protein. 
Spectra based sample subsets  
Two sample subsets were created from the complete set, one corresponding to the ASD-2000 
spectra and one to the ASD-2002 spectra based on the difference in capture methods. Three 
general spectral groups had been derived using spectral average normalisation (section 4.5). 
Since many of the weed species fell into the one of these groups weed spectra were removed 
creating a third subset, the “no weeds” subset.  
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The modified approach based on these sample subsets was carried out on reflectance and six 
transform versions based on the results from SMLR. Using the eleven main un-smoothed 
transforms (including reflectance), a consistently higher R2 had been obtained for four of the 
transforms across the attributes; DEP-D, LOG1R-D, BNA and BNA-D. However, since also 
the derivative transforms R-D and CR-D were represented among the 10 transforms 
producing the highest SMLR R2 values across all attributes they were also retained for the 
modified approach to test for differences between subsets whereas 1R-D was dropped as it 
was only represented once (for crude protein). Reflectance was included in the analysis to 
provide a base reference for data without any mathematical treatment.  
The six transforms used in the modified approach based on sample subsets were: 
• first derivative R, R-D; 
• first derivative pseudo absorbance, LOG1R-D; 
• first derivative continuum removed R, CR-D; 
• first derivative absorption feature depths, DEP-D; 
• fontinuum removed absorption feature R normalised to area, BNA; and 
• first derivative BNA, BNA-D. 
The results were compared across subsets and to the results for the entire sample set. In 
addition, as part of the modified approach a test using one of the spectral transforms and 
randomised attribute data – base line data, was performed to assess the level of noise that 
would potentially be possible to model with SMLR. Any result obtained by modelling 
randomised data must be due to chance and can provide a pragmatic data-driven critical noise 
level (Faber & Rajkó 2006). 
6.3 Results 
The results from the analysis of the relationship between spectra and pasture attributes are 
reported for each method separately. Details of the methods used are further outlined with the 
results as appropriate.  
6.3.1 Univariate regression results 
The linear Pearson correlation coefficient was calculated for reflectance and first derivative 
reflectance values for each of the six smoothing filters, and the six attributes using an IDL 
routine in ENVI (Ticehurst 2002b). Examples of the results are displayed as correlograms of 
the Pearson correlation coefficients (ordinate y-axis) versus wavelength (abscissa x-axis) for 
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reflectance and first derivative reflectance and versions smoothed with a wide (71 nm) 2nd 
degree polynomial Savitzky-Golay filter (Figure 83).  
 
Figure 83 Correlograms for 1st derivative ASD reflectance spectra (black lines) and reflectance (blue line) for a) 
chlorophyll, b) water, c) crude protein, d) digestibility, e) lignin, f) cellulose. Ninety-five and ninety-
nine percent confidence limits are indicated at respective +/- levels (red lines). 
The correlograms illustrate regions of spectral sensitivity to the six pasture attributes. They 
were defined by the sections where the correlation coefficients had been determined as 
significant (at 95% or 99%)1. High positive correlation was in general associated with the 
shorter wavelengths of the green peak, the red edge, and the 1035–1045 nm in the VIS region 
for chlorophyll, water, crude protein and digestibility. In SWIR1 the higher values 
corresponded to 1520-1580 nm region and in SWIR2 to 2060–2100 nm. High negative 
                                                
1
 Significance levels were determined using non-directional (or two-tailed) probability values from the ‘R 
significance calculator’ . 
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correlation was noticeable in the 790–980 nm, the 1070–1180 nm and 1290–1340 regions. For 
cellulose the negative and positive high correlation regions were reversed. 
It was observed from the correlograms that the highest overall correlation values resulted for 
water and in decreasing order, digestibility, crude protein, chlorophyll, cellulose and lignin. 
The smaller sample size may also have contributed to high levels shown for water. The 
significance levels for the correlation coefficients showed that the correlation was significant 
at 99% for rather wide regions across the reflectance spectrum for all attributes but for lignin, 
which showed very little differentiation in sensitivity. The correlograms for derivative 
reflectance showed in comparison to reflectance more detailed variation. Chlorophyll, water, 
crude protein and digestibility exhibit similar patterns, indicating a link between them, with a 
reverse version for cellulose. The four attributes with similar correlogram shapes had been 
shown to be significantly correlated to each other (Figure 30, section 3.4). The inverted but 
similar shape of the cellulose correlogram was consistent with the significant negative 
correlation between cellulose and the four attributes. 
From the correlograms the wavelengths with the largest correlation coefficients were selected 
for each attribute and summarised for the four transforms (Table 48).  
Table 48 Summary of correlation min and max (99% confidence level) and respective wavelengths in nm for 
four transforms for the six pasture attributes. Largest R and respective wavelengths are highlighted 
with bold typeface for each transform and the values for the best transform for each attribute are 
highlighted in grey. Wavelengths very close or in common between the two filter versions are 
highlighted with yellow. 
  chlorophyll  
mg/g 
water 
mg/g 
%crude 
protein  
(of DM) 
%digestibility 
(of DM) 
%lignin 
(of DM) 
%cellulose 
(of DM) 
Reflectance R min -0.55 -0.91 -0.41 -0.62 0.11 -0.49 
 R max 0.47 0.64 0.65 0.64 0.29 0.44 
 wl min 2001 2034 2420 2420 2418 747 
 wl max 770 760 760 760 719 2428 
Reflectance 
71-2 
R min -0.55 -0.91 -0.40 -0.62 0.14 -0.40 
 R max 0.47 0.64 0.65 0.64 0.28 0.36 
 wl min 1966 2034 678 2433 1978 749 
 wl max 766 764 761 764 717 2424 
1st 
derivative 
reflectance 
R min -0.63 -0.94 -0.68 -0.77 -0.31 -0.60 
 R max 0.60 0.88 0.74 0.79 0.34 0.56 
 wl min 557 620 1284 564 1686 709 
 wl max 717 2433 724 734 2201 1084 
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  chlorophyll  
mg/g 
water 
mg/g 
%crude 
protein  
(of DM) 
%digestibility 
(of DM) 
%lignin 
(of DM) 
%cellulose 
(of DM) 
1st 
derivative 
71-2 
R min -0.62 -0.91 -0.63 -0.74 -0.40 -0.58 
 R max 0.61 0.89 0.72 0.77 0.30 0.51 
 wl min 1733 616 1274 958 2286 694 
 wl max 2048 2055 733 736 2204 1273 
The highest values were observed for first derivative reflectance for all attributes but lignin, 
with positive correlation for crude protein (R max=0.74, 724 nm) and digestibility (R 
Max=0.79, 734 nm) and negative for chlorophyll (R min=-0.63, 2001 nm), water (R min=-
0.94, 620 nm) and cellulose (r=-0.60, 709 nm). For lignin the highest value (R min=-0.40, 
2286 nm) was for smoothed derivative reflectance. The difference between the value of R 
between reflectance and smoothed reflectance was limited. Between first derivative 
reflectance and its smoothed counterpart a larger difference was noticed. However, these 
difference were mainly caused by spikes in the more noisy first derivative reflectance 
compared to its smoothed version and were not related to a change in overall shape across the 
spectral region as indicated by the closeness of the selected wavelengths for all attributes but 
chlorophyll. 
A frequency chart of the most sensitive wavelengths from Table 48 and the six attributes are 
shown in Figure 84. These can be seen as a summary of the key wavelengths for the six 
pasture attributes and indicate wavelength regions with general sensitivity to the attributes. 
The highest frequencies are obviously in the VIS/NIR region and at 2400 nm with a cluster in 
the 1200 nm water absorption feature and some representation at 1700 nm. Another cluster is 
observed in the SWIR at 2000 nm. 
 
Figure 84 Frequency plot of the wavelengths with the highest positive and highest negative correlation 
coefficient R for the transforms listed in Table 48 and the six attributes. Classes are shown as 
frequencies at 50 nm intervals.  
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6.3.2 SMLR results 
SMLR analysis was conducted in ‘stepwise’ fashion beginning with the 77 transforms for 
each of the six attributes (56 full spectrum (8x7 filter sizes) and 21 absorption feature spectra 
(3x7 filter sizes)) described in section 4.3.2, with subsequent analysis of the nature of the best 
performing transforms (Figure 85). The results were limited to two kinds of assessable 
parameters, the coefficients of determination, R2, for the five regressor terms included in the 
resulting regression equations and the wavelength selections corresponding to these.  
 
Figure 85 Overview of the relationship between the seven filters and 11 transforms and the resultant outputs 
from the main SMLR approach.  
The R2 results for the first and fifth regressor terms are provided in Table 100 and Table 101, 
Appendix I. The coefficients of determination were used for comparison of transform 
performance. The wavelengths selected for each of the five regressor terms were extracted 
and compared with established absorption features and known wavelengths of absorption for 
the pasture quality attributes. These results are presented graphically to highlight differences 
in transform and wavelength selections between the best models for the pasture quality 
attributes. References are provided to the tabular source data contained in the Appendices 
where applicable.  
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The SMLR R2 resulting from all 77 transforms were summarised and sorted on R2 value 
(separately for full spectra and abs-feature spectra) to provide a general idea of any spectral 
sensitivity differences between the pasture quality attributes and effects of pre-treatment 
transforms (see Table 102 and Figure 132 to Figure 143, Appendix I). The 10 transforms with 
the highest R2 for each attribute were further analysed in regards to difference in results 
attributable to transform and filter versions.  
For full spectra and abs-feature spectra, the eight best transforms for each attribute with the 
highest R2 were used to analyse differences between the two spectra groups. Wavelength 
selections were also analysed separately and compared. 
Two transforms from each group were selected for each attribute and the five wavelengths 
were analysed specifically in regards to correspondence to known absorption. These 
transforms were subsequently analysed using PLSR. 
Summary of R2 statistics from SMLR for all transforms 
Differences between attributes were highlighted by comparing box and whisker plots of the 
SMLR R2 statistics for all the transforms and filter versions for each attribute (Figure 86). The 
highest R2 values can be seen in the results for water mass followed by digestibility, crude 
protein, chlorophyll, cellulose and lignin in descending order. It should be noted that the 
sample size for water was much smaller (n=58) than for the other attributes (n=87, 82 or 75), 
which may have contributed to the higher values as indicated by a test of R2 versus sample 
size for differently sized subsets for each attribute (Table 103, Appendix I). 
 
Figure 86 Box and whisker plots of SMLR R2 statistics for the six pasture quality attributes. Min and max (bar), 
Mean (square dot), median (box cross bar), 25th and 50th percentiles (box), 10th and 90th percentiles 
(cross bars). 
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Least variance was shown for digestibility (standard deviation 0.04), denoting less sensitivity 
to mathematical transform and filtering. Lignin and cellulose displayed the largest spreads in 
R2, ~0.40 with standard deviations of 0.12 and 0.11 respectively. This could be interpreted as 
higher sensitivity to filtering and transformations but is more likely a result of the lower 
sensitivity producing more erratic results in the first place as shown by the lower R2 ranges. 
Ranking of the eleven transform groups for each attribute based on SMLR R2 
The results for the six attributes showed both similarities and differences in the performance 
patterns of the different transform groups based on the SMLR R2s. To gain further 
understanding of the results the R2 values were collated for each group and then ranked from 
one to 11 for each attribute (Table 49). The ranking was based primarily on the highest R2 in 
the range and if there was more than one group with the same value, the tighter range was 
given a higher ranking. This highlighted the relative performance of the two transforms 
groups and the eleven types across the attributes. In the table the three highest ranked for each 
attribute are shaded grey and to provide a distinction between base forms and derivative 
transform types, the latter are highlighted with bold typeface. Transform groups where not all 
filter versions resulted in five regressor terms are marked in italics.  
No two attributes showed the same ranking of the three highest or shared the highest ranked. 
The three highest scoring transform types for all attributes were represented by six of the 
eleven transform types: R-D, LOG1R-D, CR-D, DEP-D, BNA, BNA-D. Of the 18 transform 
types ranked among the three highest, 15 were first derivative versions. For water, 
chlorophyll, crude protein, digestibility and lignin one of these three was BNA-D, the first 
derivative of BNA. For chlorophyll, water and digestibility, the two highest ranked are of the 
full spectrum type, whereas for crude protein, lignin and cellulose, the two highest ranked 
were of the continuum removed absorption feature types.  
For water the highest ranked was the first derivative reflectance, R-D, whereas for both 
chlorophyll and digestibility it was the first derivative of the pseudo absorbance, LOG1R-D. 
For crude protein and lignin the highest ranking type was the first derivative of continuum 
removed absorption feature reflectance normalised to the area (BNA-D) and for only cellulose 
was the highest ranked transform types not a derivative but the continuum removed 
absorption feature reflectance normalised to the area (BNA). 
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Table 49 Summary of ranges of R2 from SMLR ranking the 11 transform groups. The R2 ranges were derived using five regressor terms for each transform group (seven 
smoothing filter versions each). The three highest ranked for each attribute are shaded grey. First derivative transform type are shown with bold typeface. Transform 
groups where not all filter versions resulted in five regressor terms are marked in italics. 
Transform group chlorophyll mg/g water mg/g % crude protein % digestibility % lignin %cellulose 
n = 77 R2  rank R2  rank R2  rank R2  rank R2  rank R2  rank 
Full spectrum type              
Reflectance R 0.49–0.62 9 0.92–0.94 5 0.68–0.68 7 0.67–0.68 11 0.24–0.30 10 0.47–0.52 8 
First derivative R R-D 0.53–0.75 3 0.89–0.96 1 0.71–0.76 4 0.66–-0.79 9 0.35–0.54 7 0.59–0.72 3 
Pseudo absorbance 
R 
LOG1R 0.54–0.61 10 0.81–0.88 9 0.65–0.68 8 0.75–0.81 7 – 11 0.44–0.47 10 
First derivative 
LOG1R 
LOG1R-
D 
0.65–0.77 1 0.83–0.91 8 0.68–0.77 3 0.79–0.87 1 0.47–0.63 2 0.65–0.71 4 
Reciprocal R 1R 0.48–0.55 11 0.68–0.75 11 0.58–0.67 10 0.68–0.76 10 0.28–0.33 8 0.32–0.45 11 
First derivative 1R 1R-D 0.58–0.71 7 0.76–0.85 10 0.66–0.75 5 0.74–0.79 8 0.38–0.58 5 0.47–0.62 7 
Continuum removed 
R  
CR 0.55–0.68 8 0.88–0.91 7 0.53–0.60 11 0.79–0.82 5 0.28–0.33 9 0.39–0.52 9 
First derivative CR CR-D 0.68–0.72 6 0.92–0.95 3 0.63–0.74 6 0.79–0.84 2 0.39–0.58 4 0.62–0.68 6 
Abs-feature 
spectrum type 
 
            
First derivative 
continuum 
removed 
absorption feature 
depths  
DEP-D 0.66–0.73 5 0.91–0.93 6 0.62–0.68 9 0.80–0.82 4 0.47–0.59 3 0.64–0.72 2 
Continuum removed 
absorption feature R 
normalised to area  
BNA 0.66–0.76 2 0.91–0.95 4 0.71–0.77 2 0.79–0.82 6 0.47–0.56 6 0.67–0.72 1 
First derivative 
BNA 
BNA-D 0.64–0.74 4 0.93–0.95 2 0.68–0.78 1 0.79–0.83 3 0.58–0.66 1 0.62–0.71 5 
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Performance of the best 10 transforms 
The difference in transform performance between the attributes was further assessed by 
comparing the 10 transforms with the highest R2 values for each attribute (Table 102, 
Appendix I). A plot of the distribution in percentage across the transform types (Figure 87, 
source data in Table 104 and Table 105, Appendix I) showed that the absorption feature 
transforms constituted more than half of the transforms for chlorophyll (70%), water (60%) 
and lignin (80%). 60 percent of the transforms were of the full spectrum group for 
digestibility and for crude protein the two groups were divided equally. Specifically, BNA 
showed the highest relative representation for chlorophyll (40%) and cellulose (30%), BNA-D 
for water (40%) and lignin (60%). Half of the transforms for digestibility were CR transforms 
and LOG1R-D performed best for crude protein (30%). 
 
Figure 87 Proportional distribution of transform types for the 10 transforms with highest SMLR2 for each 
attribute. Full spectrum transform types are shaded with stipples and the abs-feature transform types in 
solid shades of grey. 
It was observed that 85% of the sixty transforms across pasture quality attributes belonged to 
four of the 11 transform types. These were LOG1R-D, DEP-D, BNA and BNA-D. 75 % of 
the transforms were of the first derivative type and 60% were from the abs-feature group. 
BNA was the only transform with representation for all attributes and LOG1R-D was present 
for five attributes (all but water) and R-D for four (all but digestibility and lignin). 
Digestibility is the only attribute for which the CR transforms is represented among the top 10 
(30%). Only two percent, i.e. one of 60, were raw reflectance (for water), and LOG1R and 1R 
were absent from the best 10 transforms for all attributes. 
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The result from the distribution of proportions of transform groups showed partly a different 
pattern than the results from the ranking of transform types for each attribute. A high ranking 
was for some transforms unrelated to a high proportion of the 10 best for an attribute. For 
example R-D was ranked among the highest three for chlorophyll, water and cellulose but 
constituted only 10%, and LOG1R-D transforms were among the top three ranked for 
chlorophyll, crude protein, digestibility and lignin making up 10 or 20%.  
Filter size effects 
The 10 best transforms (both full and continuum abs-feature spectra) were also assessed in 
regards to possible affects from the use of different smoothing filter widths. The patterns were 
not the same for the six attributes as illustrated in the column chart in Figure 88 (source data 
counts in Table 106, Appendix I). 
 
Figure 88 Effect of spectral filter size on SMLR regression results for the 10 transforms with highest SMLR R2 
for each attribute. The dark coloured wide filters showed a high representation for crude protein and 
digestibility. 
Seventeen (28%) of the sixty best transforms across attributes had had no smoothing applied 
and the next filter version in descending order of representation was the 21 nm filter with 10 
(17%). Wide filters (>31 nm) showed a high representation among the 10 top transforms for 
crude protein and digestibility, 50% and 80% respectively. For these two attributes, 70% of 
the 10 best transforms were derivatives concurring to explain the preferentially wider filter 
size since derivative transforms are known to be sensitive to noise. However, for chlorophyll, 
water, lignin and cellulose, 80% of the transforms had filter sizes of 21 nm or narrower (or no 
filter) but with rather high proportions of derivatives, 50 and 60% respectively for the first 
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two of these attributes and 70% and 100% of the transforms for cellulose and lignin. The 
result for the latter could be considered unreliable given their relatively lower R2 value ranges. 
SMLR wavelength selection and distribution 
The wavelengths selected for the five regressor terms in each SMLR model should ideally all 
be related to absorption features of the attribute in question or to a related attribute (Jupp 
2005b) because it would make it more likely for the attributes to be accurately predicted from 
the spectral data. The relationship between the wavelengths picked by the stepwise regression 
and known absorption features were therefore investigated for the eight transforms with the 
highest R2 from SMLR for each of the two transform groups, full and continuum removed 
abs-feature spectra. Source data and some sorted summaries are provided in Table 107 to 
Table 110, Appendix I. 
The highest percentage of wavelengths within the six absorption features for the full spectrum 
transforms was selected for digestibility (80%), followed by cellulose (70%) and then lignin 
(65%). Chlorophyll and crude protein had equally 57.5% selected within and water only 45%. 
A number of wavelengths situated outside the six major absorption features correspond to 
attribute absorption as outlined in Table 132, Appendix N. Judging by the SMLR wavelength 
selections for the eight best full spectrum transforms some of these may be influential. 
Examples are selected wavelengths close to nitrogen/protein absorption at 1980 nm, lignin 
absorption at 2214 nm and cellulose absorption at 1578 nm. Wavelengths at the start of the 
chlorophyll well region at 550–700 nm (Gilabert et al. 1996) were also preferentially selected 
and in the interval 1600–1630 nm (unattributable). 
The distribution of the wavelengths selected within the major absorption features (Curran et 
al. 2001) for each of the two groups are presented for comparison in Figure 89. It was 
observed that for crude protein full spectrum transforms the proportional selections were most 
different with more wavelengths selected in the second chlorophyll, water and protein 
absorption features centred at 670 nm, 1200 nm and 1730 nm respectively, which are all 
linked to protein absorption or absorption by correlated biochemicals.  
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Figure 89 Proportion bars of SMLR selected wavelengths across major absorption features for full spectrum and 
absorption feature spectral transform groups for each attribute. Absorption feature centres and 
corresponding colours are given in the legend.  
To explore the specific wavelength selections further plots were constructed of the 
frequencies of wavelengths selected as the first five SMLR regressor terms across the 
spectrum for each group and pasture quality attribute. Figure 90 to Figure 95 show the 
wavelength distribution across the spectrum for the full spectrum and absorption feature 
transforms (the eight with highest R2). The spectral regions corresponding to the six 
established broad absorptions feature areas used by Curran et al. (2001) are marked with red 
lines at the bottom of the plots. In addition, references are made to attribute correlations 
(section 3.5.2) as appropriate. 
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Chlorophyll SMLR wavelength selections 
The main difference between the two frequency charts (Figure 90 a and b) of the chlorophyll 
SMLR wavelength selections for full spectrum and absorption feature transforms was in the 
visible region, where the latter displayed a larger number of wavelengths selected. Only two 
of the forty selected fell within the two established chlorophyll absorption features for the full 
spectrum transforms whereas five were selected for the absorption feature transforms. The 
visible wavelengths selected were rather concentrated at the green “peak” shoulder around 
550 nm (eight selected). Otherwise the selections were dominated by wavelengths in the 
major absorption feature centred at 1730 nm that correspond both to protein and to lignin-
cellulose. The region around 2190 nm in the second SWIR absorption feature were 
highlighted for both transforms group. In addition, a cluster of wavelengths between 2020 nm 
in the first major SWIR2 feature. The significant positive correlation with crude protein and 
the negative correlation between chlorophyll and cellulose shown in the research may help to 
explain the selection of wavelengths in the SWIR. 
a)  
 
 
b)  
 
 
 
Figure 90 Frequency classes (blue) of 
selected wavelengths for the first five 
SMLR terms for the eight highest scoring 
transforms for chlorophyll. Classes are 
shown as frequencies at 10 nm intervals. 
The six major absorption features are 
outlined in red (Curran et al. 2001). 
a) full spectrum transforms 
b) absorption feature spectrum transforms 
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Water SMLR wavelength selections 
The SMLR wavelengths selections in the two frequency charts for water (Figure 91 a and b) 
were also quite dissimilar but both have selections in all major absorption features. For the 
full spectrum transforms only two wavelengths out of 40 were selected in the classic water 
absorption feature region 1116–1284. The selection was instead dominated by wavelengths in 
the NIR plateau region 780–1000 nm, just outside and just inside the first SWIR feature 
between 1980 and 2040 nm. The most prevalent wavelengths for the abs-feature spectra were 
however located in the 1200 nm water absorption feature region (n=15). Remaining selected 
wavelengths were spread between the other major absorption features, with some emphasis on 
the region around 2100 dominated by absorption of cellulose but also protein and lignin. The 
negative correlation between water and cellulose had been deemed significant in the analysis 
of the research sample assays. 
a)  
 
 
b)  
 
 
 
Figure 91 Frequency classes (blue) of 
selected wavelengths for the first five 
SMLR terms for the eight highest 
scoring transforms for water. Classes 
are shown as frequencies at 10 nm 
intervals. The six major absorption 
features are outlined in red (Curran et 
al. 2001). 
a) full spectrum transforms 
b) absorption feature spectrum 
transforms 
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Crude protein SMLR wavelength selections 
The two frequency charts of crude protein SMLR wavelength selections (Figure 92 a and b) 
display a quite different selection pattern. However, the chlorophyll absorption feature centred 
at 670 nm was preferentially selected by both groups and in addition the water absorption 
feature at 1200 nm for the full spectrum transforms. The sensitivity of this region to nitrogen 
has been noted by other researchers investigating nitrogen content in grasslands (Mutanga et 
al. 2003). For the full spectrum transform the wavelength selections were quite spread across 
the spectrum both inside and outside of the major absorption features but for the other group 
there was a clear dominance of wavelengths (19) in the second SWIR2 feature around 2300 
nm associated with protein and lignin-cellulose (and oil). Notably there were no selections in 
the first major SWIR1 feature where protein is known to cause absorption. Crude protein was 
significantly correlated to chlorophyll and cellulose, which could help explain the 
wavelengths selections. 
a)  
 
 
b)  
 
 
 
Figure 92 Frequency classes of selected 
wavelengths for the first five SMLR 
terms for the eight highest scoring 
transforms for crude protein. Classes are 
shown as frequencies at 10 nm intervals. 
The six major absorption features are 
outlined in red (Curran et al. 2001) 
a) full spectrum transforms 
b) absorption feature spectrum 
transforms 
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Digestibility SMLR wavelength selections 
The two frequency charts of digestibility SMLR wavelength selections for full spectrum and 
absorption feature transforms (Figure 93 a and b) showed similar distribution patterns, which 
is less obvious in Figure 89. Seven wavelengths just between 440 and 450 nm were selected 
for the full spectrum transforms and four for the absorption feature transforms. The other 
main region dominating the latter group was the lignin-cellulose absorption feature in the 
2300 nm area. For the former there was a stronger selection of wavelengths in the major 
absorption features centred at 670 nm and 2100 nm. A few wavelengths associated with water 
were selected for both around 1200 nm. A big difference could be noted in the first major 
feature in the SWIR2 where only one wavelength (2179 nm) was selected when the full 
spectrum was available whereas when restricted to the six major absorption features nine 
wavelengths were selected. The wavelengths region around 1670 nm highlighted associated 
with digestibility from NIRS (Murray 1989)had a few selections for both groups. 
a)  
 
 
b)  
 
 
 
Figure 93 Frequency classes (blue) of 
selected wavelengths for the first five 
SMLR terms for the eight highest 
scoring transforms for digestibility. 
Classes are shown as frequencies at 10 
nm intervals. The six major absorption 
features are outlined in red (Curran et 
al. 2001). 
a) full spectrum transforms 
b) absorption feature spectrum 
transforms 
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Lignin SMLR wavelength selections 
The two frequency charts of lignin SMLR wavelength selections (Figure 94 a and b) for full 
spectrum and absorption feature transforms showed a similar distribution of wavelengths. 
Several wavelengths were selected in the major 1730 nm feature where lignin has a few 
absorption bands, and with even more selected in the lignin-cellulose absorption region at 
2300 nm for both groups. SMLR of one of the full spectrum transforms (1R-D) also picked 
the wavelength 1786 which corresponds to a lignin first overtone of a C-H stretch (Asner 
2004) but this wavelength is not included in the major absorption feature as defined by Curran 
et al. (2001) and Kokaly & Clark (1999). Specifically for the absorption feature transforms 
various wavelengths were picked in the water absorption region around 1200 nm and there 
was a strong selection of wavelengths in the two SWIR2 features. Lignin was significantly 
correlated with crude protein in this study and perhaps some of the selections are related to 
this. 
a)  
 
 
b)  
 
 
 
Figure 94 Frequency classes (blue) of 
selected wavelengths for the first five 
SMLR terms for the eight highest 
scoring transforms for lignin. Classes 
are shown as frequencies at 10 nm 
intervals. The six major absorption 
features are outlined in red (Curran et 
al. 2001). 
a) full spectrum transforms 
b) absorption feature spectrum 
transforms 
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Cellulose SMLR wavelength selections 
Several differences in the wavelength selection pattern can be noticed in Figure 95 a and b. 
Numerous wavelengths in the water absorption feature at 1200 nm were selected for full 
spectrum transforms but none for absorption feature transforms. For the latter there is a strong 
selection in the second chlorophyll absorption feature (588–750 nm) and more wavelengths in 
the first lignin-cellulose absorption feature (2006–2196 nm) with eight wavelengths within 17 
nm of the 2100 nm. More wavelengths were also selected just before or in the SWIR1 feature 
centred on 1730 nm for the full spectrum transforms compared to for the absorption feature 
transforms. Cellulose and water had been shown to be significantly negatively correlated and 
the selection for the full spectrum transforms may be reflecting this. Wavelength selections in 
the second visible chlorophyll absorption feature 508–750 nm dominated the selection in the 
VIS/NIR for the absorption feature transforms possibly related to a strong negative correlation 
with chlorophyll. 
a)  
 
 
b)  
 
Figure 95 Frequency classes (blue) of 
selected wavelengths for the first five 
SMLR terms for the eight highest 
scoring transforms for cellulose. Classes 
are shown as frequencies at 10 nm 
intervals. The six major absorption 
features are outlined in red (Curran et 
al. 2001). 
a) full spectrum transforms 
b) absorption feature spectrum 
transforms 
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Selection of transforms for further analysis using PLSR 
The best results from the SMLR analysis were obtained using derivative transforms. 
However, no specific transform or filter size produced overriding better results for any of the 
attributes. The results from univariate regression had indicated different overall levels of 
sensitivity in similar wavelength regions of the spectrum but with limited difference between 
attributes. In contrast the SMLR selection of wavelengths showed large differences between 
the attributes.  
The variations in R2 values were not very large between the 10 best performing transforms for 
each attribute. Therefore only four transforms, two of each type (full spectrum and absorption 
feature spectrum transforms) were selected from the eight with the highest R2 values for each 
attribute for analysis with PLSR (Table 50). They were preferentially selected from the 
transform groups identified in section 6.3.2 based on relevance of the five wavelengths and 
the values of R2 while trying to maintain a spread across transform groups.  
Table 50 The four transforms selected for analysis with PLSR for each of the six pasture quality attributes. 
chlorophyll water crude protein digestibility lignin cellulose 
LOG1R-D R-D 71-LOG1R-D LOG1R-D 21-LOG1R-D 7-D 
CR-D 31-CR-D 71-1R-D 71-CR-D 1R-D 21-LOG1R-D 
31-BNA-D 11-BNA 71-BNA-D 41-BNA-D 21-BNA-D 31-DEP-D  
7-DEP-D 21-BNA-D BNA 71-DEP-D 21-DEP-D BNA 
 
The wavelength selections for each attribute are summarised in Table 51 to Table 56 and 
discussed below. Information regarding the absorption features and wavelengths and their 
location in the electro magnetic spectrum were sourced from (Asner 2004; Curran 1989; Jago 
1998; Mutanga 2004). 
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Chlorophyll transforms 
The most prevalent wavelengths selected for chlorophyll across transforms and groups are 
located at 1692–1693 nm (n=4) within a few nanometres of the 1690 nm nitrogen/protein 
absorption feature and at 2194–2196 (n=4) nm potentially related to the nitrogen/protein 
feature at 2180 nm (Table 51). 
Table 51 SMLR wavelength selection summary for transforms chosen for use in PLSR analysis of chlorophyll. 
A black box marks the chlorophyll absorption related wavelengths (within +/- 15 nm). Wavelengths 
selected within one of the six major absorption features are highlighted grey. Wavelengths 
corresponding to specific absorption features indirectly related to chlorophyll are marked with bold 
typeface. R2 and adjusted R2 for five regressor terms are included for reference. 
Selected 
transform 
Waveband 
selected 
Comments (references to known absorption features/wavelengths) 
LOG1R-D  No wavelengths selected in chlorophyll features. Three wavelengths in common with 
CR-D (553, 1693, 2195)  
R2=0.77 553 No known absorption 
R2adj.= 0.75 1693 Nitrogen/protein/starch/lignin C-H stretch, first overtone at 1690–96 nm 
 2195 Nitrogen/protein C-H stretch, first overtone at 2180 nm 
 1769 Cellulose, C-H stretch, first overtone, at 1772 nm (just outside one of the major 
features) 
 2160 Amides at 2168 nm 
CR-D  One wavelength selected in the second chlorophyll feature. Three wavelengths in 
common with LOG1R-D (553, 1693, 2195)  
R2=0.72 553 No known absorption 
R2adj.= 0.71 1693 Nitrogen/protein/starch/lignin C-H stretch, first overtone at 1690–96 nm 
 618 Electron transmission at 640 nm. (22 nm out) 
 2195 Nitrogen/protein N-H bend, 2nd overtone, and C-N stretch at 2180 nm 
 2237 Lignin C=C stretch at 2230 nm 
31-BNA-D  One wavelength selected in the second chlorophyll feature. 
R2=0.74 2019 No known absorption 
R2adj.= 0.73 629 Chlorophyll electron transmission at 640 nm 
 2196 Nitrogen/protein N-H bend, 2nd overtone, and C-N stretch at 2180 nm 
 2181 Nitrogen/protein N-H bend, 2nd overtone, and C-N stretch at 2180 nm 
 2106 Lignin 2x O-H deformation, 2xC-O stretch at 2106 nm,  
Cellulose 2x O-H and C-O deformations at 2104 nm 
7-DEP-D  Two wavelengths selected, in first and second chlorophyll feature 
R2=0.73 718 Chlorophyll electron transmission at 724 nm, red edge 
R2adj.= 0.71 1769 Cellulose, C-H stretch, first overtone, at 1772 nm 
 1692 Nitrogen/protein/starch/lignin C-H stretch, first overtone at 1690–96 nm 
 2194 Nitrogen/protein N-H bend, 2nd overtone, and C-N stretch at 2180 nm 
 471 Chlorophyll b electron transmission at 460 nm 
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Water transforms 
The most prevalent wavelengths across transforms and groups are located at 1198–1215 nm 
(n=) within a few nanometres of the 1200 nm water, cellulose and lignin absorption feature 
(Table 52). Other selected wavelengths are spread evenly between chlorophyll, 
nitrogen/protein, cellulose and lignin features. On the other hand no significant correlation 
had been shown between water and lignin (section 3.5.2). 
Table 52 SMLR wavelength selection summary for transforms chosen for use in PLSR analysis of water. A 
black box marks the water absorption related wavelengths (within +/- 15 nm). Wavelengths selected 
within one of the six major absorption features are highlighted grey. Wavelengths corresponding to 
specific absorption features indirectly related to water are marked with bold typeface. R2 and adjusted 
R2 for five regressor terms are included for reference. 
Selected 
transform 
Wavelength 
selected (nm) 
References to known absorption features/wavelengths 
R-D  One wavelength, 1000 nm, corresponding to water absorption 
R2=0.96 1738 Cellulose, C-H stretch, first overtone at 1736 nm 
R2adj.= 0.96 2256 Lignin C-H stretch, C=C stretch at 2262 nm 
 777 No known absorption 
 800 No known absorption) 
 1000 Water O-H bend, first overtone at 970 nm (30 nm out),  
cellulose, O-H stretch, 1st overtone at 978 nm, starch O-H stretch, 2nd overtone 
at 990 nm 
31-CR-D  One wavelength, 1198 nm, corresponding to water absorption 
R2=0.93 621 Chlorophyll electron transmission at 640 nm, (uncertain 19 nm out) 
R2adj.= 0.92 2252 Lignin C-H stretch, C=C stretch at 2262 nm 
 1086 No known absorption 
 464 Chlorophyll b electron transmission at 460 nm 
 1198 Water O-H bend, first overtone at 1200 nm 
11-BNA  Two wavelengths, 1214 nm and 1217 nm directly related to water 
R2=0.95 1214 Water, Lignin, Cellulose O-H bend, first overtone at 1200 nm 
Cellulose, C-H stretch, second overtone at 1216 nm 
R2adj.= 0.95 1721 Lignin C-H stretch, aliphatic, first overtone at 1724 nm 
 2121 Nitrogen/protein N-H stretch at 2130 nm 
 1119 Inside major water absorption feature 1116–1284 nm 
 1217 Water, Lignin, Cellulose O-H bend, first overtone at 1200 nm 
Cellulose, C-H stretch, second overtone at 1216 nm 
21-BNA-D  Three wavelengths, 1233 nm, 1215 nm, 1129 nm, directly related to water 
absorption 
R2=0.94 1233 Inside major water absorption feature 1116–1284 nm 
R2adj.= 0.94 595 Inside major chlorophyll absorption feature 588–850 nm 
 1215 Water, Lignin, Cellulose O-H bend, first overtone at 1200 nm 
Cellulose, C-H stretch, second overtone at 1216 nm 
 2377 Inside major absorption feature 2222–2378 nm 
 1129 Inside major water absorption feature 1116–1284 nm 
Lignin C-H stretch, second overtone at 1120 nm 
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Crude protein transforms 
All transforms but 71-LOG1R-D have wavelengths selected among the five that correspond 
directly to nitrogen/protein (Table 53). Nine out of 10 wavelengths for the full spectrum 
transforms were either directly or indirectly related to one of the six major absorption 
features. 
Table 53 SMLR wavelength selection summary for transforms chosen for use in PLSR analysis of crude protein. 
A black box marks the nitrogen/protein absorption related wavelengths (within +/- 15 nm). 
Wavelengths selected within one of the six major absorption features are highlighted grey. 
Wavelengths corresponding to specific absorption features indirectly related to nitrogen/protein are 
marked with bold typeface. R2 and adjusted R2 for five regressor terms are included for reference. 
Selected 
transform 
Wavelength 
selected (nm) 
References to known absorption features/wavelengths 
71-LOG1R-
D 
 No wavelengths directly related to protein absorption 
R2=0.77 672 Chlorophyll electron transmission at 660 nm 
R2adj.= 0.76 1266 Cellulose, C-H stretch, 2nd overtone at 1275 nm 
 671 Chlorophyll electron transmission at 660 nm 
 2280 Cellulose, C-H stretch, CH2 deformation, at 2280 nm and nitrogen/protein N-
H stretch at 2294 nm 
 2381 No known specific absorption 
71-1R-D  One wavelength, 2057 nm, directly related to protein absorption 
R2=0.75 2057 Nitrogen/protein, N-H asymmetrical stretch at 2054 nm and N-H bends and 
stretches at 2060 nm 
R2adj.= 0.73 674 Chlorophyll electron transmission at 660 nm 
 1265 Cellulose, C-H stretch, 2nd overtone at 1257 nm 
 1194 Lignin, C-H stretch, 2nd overtone at 1192 nm,  
Cellulose, C-H stretch 2nd overtone at 1194 nm 
Water, Lignin, Cellulose, O-H bend, first overtone at 1200 nm 
 686 Inside major chlorophyll absorption feature 588–850 nm 
71-BNA-D  Two wavelengths, 2354 nm and 2240 nm directly related to protein absorption 
R2=0.78 2015 Inside major absorption feature 2006–2196 nm 
R2adj.= 0.77 669 Chlorophyll electron transmission at 660 nm 
 2034 Inside major absorption feature 2006–2196 nm 
 2354 Nitrogen/protein, N-H bend, 2nd overtone at 2342 nm 
Cellulose CH2 bend, 2nd overtone, C-H deformation, 2nd overtone at 2350 nm 
and C-H deformation, 2nd overtone, at 2356 nm 
 2240 Protein C-H stretch at 2240 nm 
BNA  Two wavelengths, 2296 nm and 2340 nm directly related to protein absorption 
R2=0.77 2041 Inside major absorption feature 2006–2196 nm 
R2adj.= 0.75 694 Inside major chlorophyll absorption feature 588–850 nm 
 2296 Nitrogen/protein N-H stretch at 2294 nm and 2300 nm 
 2340 Nitrogen/protein, N-H bend, 2nd overtone at 2342 nm 
Cellulose CH2 bend, 2nd overtone, C-H deformation, 2nd overtone at 2350 nm. 
 2328 Lignin C-H stretch, aliphatic and C-H deformation, at 2332 nm 
Cellulose C-H and C-C stretch at 2332 nm 
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Digestibility transforms 
As digestibility is not a biochemical attribute per se like for example protein and does not 
therefore have specific wavelengths of known absorption. For the four transform there were 
five cellulose, four lignin, four chlorophyll and three nitrogen wavelengths selected from 
SMLR (Table 54). However, the spectral region known to be continually selected for 
digestibility is 2260–2280 nm (Gordon et al. 1998) picked for 71-DEP-D. Again nine of 10 
wavelengths selected for the full spectrum transforms are situated within the six major 
absorption features and associated with absorption features for water, crude protein, cellulose 
and lignin indicating a possible indirect relationship. 
Table 54 SMLR wavelength selection summary for transforms chosen for use in PLSR analysis of digestibility. 
Wavelengths selected within one of the six major absorption features are highlighted grey. 
Wavelengths corresponding to specific absorption features indirectly related to digestibility are marked 
with bold typeface. R2 and adjusted R2 for five regressor terms are included for reference. 
Selected 
transform 
Wavelength 
selected (nm) 
References to known absorption features/wavelengths 
LOG1R-D   
R2=0.87 526 No known absorption 
R2adj.= 0.86 448 Chlorophyll electron transmission at 430 and 460 nm 
 1222 Cellulose, C-H stretch, second overtone at 1216 nm 
 1197 Water, Lignin, Cellulose O-H bend, first overtone at 1200 nm 
 677 Chlorophyll electron transmission at 660 nm 
71-CR-D   
R2=0.84 2234 Cellulose C=C stretch at 2230 nm 
R2adj.= 0.83 2217 Lignin C-O stretch, first overtone at 2214 nm 
 1683 Nitrogen/protein/starch/lignin C-H stretch, first overtone at 1690–96 nm 
 2251 Lignin C-H stretch, C=C stretch at 2262 nm 
 1660 Lignin C-H stretch, C-H stretch, aromatic, first overtone, at 1672 nm 
41-BNA-D   
R2=0.83 588 Start of major chlorophyll absorption feature 
R2adj.= 0.81 2032 Inside major absorption feature 2006–2196 nm 
 2239 Cellulose C=C stretch at 2230 nm 
 2095 Cellulose O=H bend, C-O and C-O-C stretches at 2100 nm, and hemicellulose 
at 2090 nm 
 2158 Amides at 2168 nm 
71-DEP-D   
R2=0.82 439 Chlorophyll electron transmission at 430 nm 
R2adj.= 0.81 2248 Starch, O-H stretch and deformation at 2250 nm 
 1689 Nitrogen/protein/starch/lignin C-H stretch, first overtone at 1690–96 nm 
 2288 Cellulose, C-H stretch, CH2 deformation, at 2280 nm and Nitrogen/protein N-
H stretch at 2294 nm, (digestibility). 
 1176 Lignin C-H stretch, second overtone, at 1174 nm 
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Lignin transforms 
More lignin absorption related wavelengths (five of 10) were selected for absorption feature 
transforms compared to full spectrum transforms (Table 55). Nevertheless, nine out of 10 
wavelengths for the full spectrum transforms are associated with a directly or indirectly 
related absorption feature. 
Table 55 SMLR wavelength selection summary for transforms chosen for use in PLSR analysis of lignin. A 
black box marks the lignin absorption related wavelengths (within +/- 15 nm). Wavelengths selected 
within one of the six major absorption features are highlighted grey. Wavelengths corresponding to 
specific absorption features indirectly related to lignin are marked with bold typeface. R2 and adjusted 
R2 for five regressor terms are included for reference. 
Selected 
transform 
Wavelength 
selected (nm) 
References to known absorption features/wavelengths 
21-LOG1R-
D 
 No wavelength directly related to lignin absorption 
R2=0.63 2247 Protein, C-H stretch at 2240 nm 
Starch, O-H stretch and deformation at 2250 nm 
R2adj.= 0.60 1655 Inside major absorption feature 1652–1770 nm 
 2062 Nitrogen/protein N-H bends and stretches at 2060 nm 
 1991 Nitrogen/protein N-H asymmetry at 1980 nm, outside major absorption 
features 
 673 Chlorophyll electron transmission at 660 nm 
1R-D  One wavelength, 1729 nm, directly related to lignin absorption 
R2=0.58 484 Inside major chlorophyll absorption feature 408–518 nm 
R2adj.= 0.55 1729 Lignin C-H stretch at 1724 nm 
 2059 Nitrogen/protein, N-H asymmetrical stretch at 2054 nm and N-H bends and 
stretches at 2060 nm 
 1786 Cellulose (sugar and starch), C-H stretch at 1780 
 2245 Protein, C-H stretch at 2240 nm 
Starch, O-H stretch and deformation at 2250 nm 
21-BNA-D  Two wavelengths, 1171 nm and 2298 nm, directly related to lignin absorption 
R2=0.66 1655 Inside major absorption feature 1652–1770 nm 
R2adj.= 0.63 2081 Hemicellulose at 2090 nm 
 1171 Lignin at 1174 nm 
 2063 Hemicellulose at 2068 nm 
 2298 Lignin C-H stretch and deformation at 2300 nm 
21-DEP-D  Three wavelengths, 1672 nm, 1668 nm and 2248 nm, directly related to lignin 
absorption, despite low R2. 
R2=0.59 1672 Lignin C-H stretch, aromatic at 1672 nm 
R2adj.= 0.56 2062 Hemicellulose at 2068 nm 
 1668 Lignin C-H stretch, aromatic at 1672 nm 
 2248 Lignin C-H stretch, C=C stretch at 2262 nm 
 438 Chlorophyll, electron transition at 430 nm 
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Cellulose transforms 
More specific cellulose absorption feature/wavelengths were selected for absorption feature 
transforms selected than for full spectrum transforms (Table 56). 10 out of 10 of full spectrum 
transform wavelengths selected were within major absorption features. The selection of 
wavelengths across all the major absorption features for both transform groups could be 
related to the significant correlation of cellulose to all other attributes in this study. 
Table 56 SMLR wavelength selection summary for transforms chosen for use in PLSR analysis of cellulose. A 
black box marks the cellulose absorption related wavelengths (within +/- 15 nm). Wavelengths 
selected within one of the six major absorption features are highlighted grey. Wavelengths 
corresponding to specific absorption features indirectly related to cellulose are marked with bold 
typeface. R2 and adjusted R2 for five regressor terms are included for reference. 
Selected 
transform 
Wavelength 
selected 
Comments (references to known absorption features/wavelengths) 
7-R-D  One wavelength, 1738 nm, directly related to cellulose absorption 
R2=0.72 709 Inside major chlorophyll absorption feature 588–750 nm 
R2adj.= 0.70 1686 Nitrogen/protein/starch/lignin C-H stretch, first overtone at 1690–96 nm 
 2249 Protein, C-H stretch at 2240 nm 
Starch, O-H stretch and deformation at 2250 nm 
 1237 Inside major water absorption feature 1116–1284 nm 
 1738 Cellulose, C-H stretch, 1st overtone at 1736 nm 
21-LOG1R-D  One wavelength, 2271 nm, directly related to cellulose absorption 
R2=0.71 2062 Nitrogen/protein, H=H bend 2nd overtone, N+H bend at 2060 nm 
R2adj.= 0.69 1690 Nitrogen/protein/starch/lignin C-H stretch, first overtone at 1690–96 nm 
 1247 Inside major water absorption feature 1116–1284 nm 
 2271 Cellulose C-H and O-H stretch at 2270 nm, and C-H stretch andCH2 
deformation, at 2280 nm 
 2169 Amides at 2168 nm 
31-DEP-D  One wavelength, 2092 nm, directly related to cellulose absorption 
R2=0.72 712 Inside major chlorophyll absorption feature 588–750 nm 
R2adj.= 0.70 1686 Nitrogen/protein/starch/lignin C-H stretch,1st overtone at 1690–96 nm 
 2249 Protein, C-H stretch at 2240 nm 
Starch, O-H stretch and deformation at 2250 nm 
 2092 Cellulose O=H bend, C-O stretches at 2100 nm 
 2304 Lignin C-H stretch and deformation at 2300 nm 
Protein, N-H stretch at 2300 nm 
BNA  Three wavelengths, 2117 nm, 2096 nm and 2086 nm, directly related to 
cellulose absorption 
R2=0.72 2117 Cellulose 2x O-H and C-O deformations at 2104 nm 
R2adj.= 0.70 639 Chlorophyll, electron transition at 640 nm 
 419 Inside major chlorophyll absorption feature 408–518 nm 
 2096 Cellulose O=H bend, C-O stretches at 2100 nm 
 2086 Cellulose O=H bend, C-O stretches at 2100 nm 
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Baseline test – random scrambling of attribute data 
Baseline tests involving so called random scrambling of assay data can be undertaken to 
assess the level of inherent noise. A loss of association between the assay data and the 
corresponding spectra is created by assigning random numbers to the samples and then sorting 
only the assay data on these numbers. In a study employing this approach SMLR coefficients 
of determination (r2’s) between 0.41 and 0.82 were produced by Grossman et al. (1996) when 
randomizing the association between nitrogen and first and second derivative absorbance 
spectra. Correctly paired data only exceeded this result with 0.02–0.42. Hence the authors 
recommended caution in the use of SMLR results and that results should be examined in the 
light of “baseline” r2’s. Baseline data comparison using SMLR with one ASD spectral 
transform was therefore investigated to assess whether the actual regression results were 
likely to also fit the noise. 50 randomly scrambled attribute sets of 87 samples were regressed 
against a smoothed transform (71-BNA) yielding 50 r2 values (five regressor terms). The 
averaged r2 statistics were compared to the actual value for each attribute. The source data are 
provided in Table 119, Appendix I. The actual r2 values for all attributes but lignin were 
higher than the max r2 from the randomly scrambled data (Figure 96).  
 
Figure 96 Comparison of average r2 statistics for the 5th SMLR regressor term for scrambled attribute data 
(n=50) and actual attribute data regressed against spectral data (71-BNA). 
The results showed that only for lignin could r2 values in the scrambled (base line) data sets 
be obtained by chance that would approach the values achieved using the actual data.  
In addition, Card et al. (1988) reported results from a test using 18 random permutations of a 
nitrogen assay of dry leaves from North American deciduous and conifer leaves with pseudo 
absorbance spectral data. The highest r2 reported for the scrambled data (0.43) was much 
lower than the value for the first step using the actual data (0.71). Although such a large 
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difference was not expected from analysis of the spectral data of the pasture canopies in this 
research, lower values for the 1st regressor term from the scrambled data with higher values 
for actual data were nevertheless achieved for digestibility and water. The r2 values for the 
first terms were 0.63 and 0.75 respectively for actual data and 0.58 and 0.74 for the scrambled 
data. 
6.3.3 PLSR results – comparison with SMLR results 
PLSR analysis of the four transforms identified by SMLR as the top performers and 
reflectance was undertaken for each attribute. The result statistics are given in Table 120, 
Appendix K. The best model for each attribute was determined using the RMSEP, correlation 
R and the percent variance explained by the calibration model. The ratio of the interquantile 
(IQ) range (20th and 80th percentiles) and the RMSEP was included to provide a comparison 
of the relative prediction performance between attributes since values of R and R2 are 
sensitive to the range/variation of the actual (pasture quality) variable (Davies & Fearn 2006). 
However, adjusted R2 was used for comparison with SMLR results.  
The relative order of the attributes was the same as that indicated by the SMLR results. For 
water mass the CV and correlation values were highest (4.59, 0.94) followed by digestibility 
(3.91, 0.86), crude protein (2.61, 0.84), chlorophyll (2.61, 0.72), cellulose (2.08, 0.67) and 
lignin (2.09, 0.17).  
Compared to SMLR the PLSR results also showed a different pattern of performance for raw 
reflectance (R). For water and crude protein it produced the second best performance, third 
for chlorophyll and fourth for digestibility and cellulose. For lignin reflectance was the only 
spectral version indicating some limited predictive capacity. On the contrary, in SMLR, raw 
reflectance had for all attributes but water produced much lower R2 values than the top four 
transforms. 
Restricting the PLS regression to models using only significant X-variables decreased the 
RMSEP values for all the tested transforms for four of the six attributes; crude protein, 
digestibility, water and cellulose, although for water the values for reflectance were the same 
using all X-variables and only significant ones (Table 120, Appendix K). 
The order of performance of the four best transforms was different for all attributes compared 
to SMLR and the transforms identified from the PLSR as performing best were not the same 
as the best transforms selected by SMLR for any of the attributes except water (Table 57). 
The comparison between SMLR and PLSR results using adjusted R2 also showed large 
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differences between transform results for the various methods, with in general much higher 
adjusted R2 resulting from SMLR. The SMLR adjusted R2 were very close for the different 
transforms, from 0.01 for cellulose to 0.08 for lignin whereas the spread was much larger for 
the results from PLSR. The smallest variations were obtained for water, digestibility and 
cellulose, 0.13, 0.16 and 0.11 respectively while around ~0.30 for crude protein and 
chlorophyll. For lignin the PLSR results indicated no sensitivity to the four transforms and the 
results could not be compared to those from SMLR. 
Table 57 Comparison of adjusted R2 from SMLR and PLSR for the four transforms for each pasture quality 
attribute. The best result for each method for each method are highlighted with bold type face. 
chlorophyll SMLR 
R2 adj. 
PLSR 
R2 
adj. 
water SMLR 
R2 adj. 
PLSR 
R2 
adj. 
crude protein SMLR 
R2 adj. 
PLSR 
R2 
adj. 
LOG1R-D 0.75 0.16 R-D 0.96 0.88* 71-LOG1R-D 0.76 0.69* 
CR-D 0.71 0.50* 31-CR-D 0.92 0.79* 71-1R-D 0.73 0.57* 
31-BNA-D 0.73 0.20 11-BNA 0.95 0.78* 71-BNA-D 0.77 0.50* 
7-DEP-D 0.71 0.51* 21-BNA-D 0.94 0.75* BNA 0.75 0.36 
digestibility SMLR 
R2 adj. 
PLSR 
R2 
adj. 
lignin SMLR 
R2 adj. 
PLSR 
R2 
adj. 
cellulose SMLR 
R2 adj. 
PLSR 
R2 
adj. 
LOG1R-D 0.86 0.65* 21-LOG1R-D 0.60 n/a 7-R-D 0.70 0.36* 
71-CR-D 0.83 0.74* 1R-D 0.55 n/a 21-LOG1R-D 0.69 0.40* 
41-BNA-D 0.81 0.58* 21-BNA-D 0.63 n/a 31-DEP-D  0.70 0.40* 
71-DEP-D 0.81 0.67 21-DEP-D 0.56 n/a BNA 0.70 0.29* 
*–based on significant X-variables 
The two groups of available adjusted R2 were significantly correlated (R = 0.84, n=21, 
p<0.0001), providing support for a significant relationship between SMLR and PLSR results. 
The adjusted R2 were calculated using the number of samples and five regressor terms for 
SMLR and number of samples and number of PCs for PLSR, while theoretically comparable, 
this may have introduced some disparity. On the other hand, these results indicated that the 
choice of the four transforms from SMLR was less than optimal. Therefore an extended 
selection of transforms was used in the modified approach evaluating the effect of subsetting 
the samples. 
Sample outliers were identified by the Unscrambler software using a “hotelling T2 ellipse”, a 
95% confidence ellipse based on a multivariate t-statistics. The outlier samples varied 
between the four transforms or attributes. Nothing obviously strange or wrong with the 
identified outlier samples relating to their spectra or attribute values could be determined and 
the reason for them being identified was possibly because of differences in spectral properties 
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and low default outlier detection levels in the Unscrambler software (intended mainly for 
laboratory spectra). However, most of the samples identified as outliers were from the 
December 2000 campaign. 
6.3.4 Results from the modified approach using sample subsetting 
Both SMLR and PLSR results were affected by the modified approach dividing the samples 
into subsets based on water content levels, subsets from the hierarchical approach and spectral 
capture differences and main species types, (section 6.2.4). Some subsets performed better 
and some worse than using all available samples/spectra. As the sample size, and regressor 
terms (SMLR) and factors (PLSR) varied between the subsets care was taken to consider any 
potential influence by using statistics such as adjusted R2 and CV when comparing results 
between the approaches and attributes. For comparison of PLSR models based on different 
spectral transforms for the same attribute, full cross validation correlation, R, and RMSEP 
were used.  
The results based on regression statistics and wavelength selections are reported and 
discussed for each subsetting approach separately. 
Water content subsets results 
To assess the potential effect of water content in the pasture samples a test using quantised 
water levels was conducted using both SMLR and PLSR analyses with crude protein, 
digestibility, lignin and cellulose. The results using the BNA and R-D transforms are given in 
Table 115 and Table 117 (SMLR) and Table 116 and Table 118 (PLSR), Appendix I. The 
SMLR results were derived for equations based on three regressor terms to limit overfitting.  
The water quantisation levels used were skewed towards high levels of water content because 
of the water content distribution in the pasture samples. Only four levels in addition to the one 
corresponding to all available samples could be tested; <800 mg/g, <750 mg/g, <700 mg/g, 
<650 mg/g while still maintaining ~20 samples to analyse.  
The results were inconsistent without any clear overall trend for improved result for sample 
subset with less water content. In general SMLR produced much higher adjusted R2 values 
than PLSR with higher values for the subsets with less water content. The highest adjusted R2 
values from PLSR was produced for the full range of water content for both transforms and 
all attributes. Both SMLR and PLSR values indicated somewhat better performance by the 
BNA transform. For BNA with digestibility, lignin and cellulose the highest adjusted R2 
values from SMLR were produced for the lowest water level, <650 mg/g, but only for 
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digestibility was there a successive improvement across levels (Table 58). However, since 
also the PLSR analysis indicated a lack of relationship between model performance and water 
content levels the decreasing sample size is likely to have strongly influenced the SMLR 
results. In addition, the lack of PLSR performance for lignin suggested an absence of spectral 
sensitivity. It could also be observed that the PLSR adjusted R2 decreased with reduced water 
content whereas the RMSEP values varied. Only for digestibility and the BNA transform did 
the highest adjusted R2 correspond to the lowest RMSEP (0.68 and 5.28).  
Table 58 SMLR and PLSR results for the ASD abs-feature spectrum transform (BNA), subset according to water 
content levels. All (17.86–898.92 mg/g), <800 mg/g, <750 mg/g, <700 mg/g, <650 mg/g.  
  Crude protein Digestibility 
  SMLR* PLSR** SMLR* PLSR** 
Water 
content 
levels 
n R2 adj. R2 adj. RMSEP R2 adj. R2 adj. RMSEP 
<800 mg/g 41 0.82 0.25 2.98 0.82 0.58 5.45 
<750 mg/g 33 0.78 0.12 3.00 0.83 0.39 5.51 
<700 mg/g 26 0.89 0.09 2.37 0.84 0.18 5.90 
<650 mg/g 19 0.86 -0.08 2.67 0.89 0.08 5.86 
All, 17.86–
898.92 mg/g 47 0.81 0.51 3.62 0.83 0.68 5.28 
  Lignin   Cellulose  
  SMLR* PLSR**  SMLR* PLSR**  
Water 
content 
levels 
 R2 adj. R2 adj. RMSEP R2 adj. R2 adj. RMSEP 
<800 mg/g 46 0.75 -0.04 2.77 0.83 0.36 3.95 
<750 mg/g 37 0.71 n/a n/a 0.66 0.21 3.67 
<700 mg/g 27 0.84 0.10 1.52 0.80 0.09 3.86 
<650 mg/g 19 0.92 -0.03 1.72 0.83 -0.02 4.44 
All, 17.86–
898.92 mg/g 54 0.67 0.14 2.36 0.81 0.39 4.18 
* (SMLR three regressor terms) ** (PLSR R2 adj. and RMSEP for varying numbers of PCs) 
The sample subset with the lowest water content g (n=19) still contained a lot of water (~65-
35%) which is likely to provide a substantial masking influence on other absorption features 
caused by protein, lignin and cellulose in the SWIR (Kokaly & Clark 1999). Since adequate 
number of samples with lower water content was not available this test could not be further 
developed. 
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PLSR assessment of subset effects of hierarchical division using matrix categories 
The transform 71-LOG1R-D was analysed with crude protein using PLSR to test effects of a 
hierarchical approach using matrix categories of species groups and dry-green proportions. 
The results summarised in Table 59 showed a decrease in the RMSEP value of ~10% when 
isolating the grass dominated spectra but there was also a decrease of the value of the 
correlation coefficient and the adjusted R2 was nearly halved. Taking the sample variation of 
each subset into account the CV (IQ range/RMSEP) of 1.76 also suggested some reduction in 
predictive capacity compared to using all samples, (2.21) and only marginal improvement 
compared to the no-weeds subset (1.73). 
Table 59 PLSR results from the simple hierarchical matrix subset approach for the transform 71-LOG1R-D and 
crude protein. 
subset RMSEP (cross 
validation) 
R 
 
R2 
adj. 
No. of 
PCs 
IQ range CV* 
All (n=75) 2.97 0.79 0.61 8 6.57 2.21 
No weeds (n=64) 3.02 0.74 0.52 4 5.21 1.73 
–Dry dominated (n=19) 2.98 -0.66 0.32 1 1.85 0.62 
–Green dominated (n=45) 3.18 0.73 0.50 4 4.85 1.53 
    –Grass dominated (n=37) 2.64 0.64 0.36 4 4.65 1.76 
    –Clover mix dominated (n=8) 4.89 0.69 -0.74 2 8.20 1.68 
*CV = IQ range/RMSEP 
Further division of the green dominated subsets into clover mix dominated samples/spectra 
produced an increase in the RMSEP and a further decrease of the CV (1.68). The dry 
dominated subset resulted in zero Unscrambler suggested PC’s and negative correlation of 
prediction equation and was hence not applicable (n/a). 
SMLR results using sample subsetting based on matrix categories 
The effect of sample subsetting based on capture differences and main species types (from 
matrix categories) were assessed using the coefficients of determination, R2 (and adjusted R2) 
resulting from SMLR analysis (five regressor terms) for six transforms and reflectance 
(source data in Table 112, Appendix I, for each pasture canopy attribute and subset). The 
results are also graphically displayed in bar plots for comparison between transforms, subsets 
and attributes in Figure 132 to Figure 143, Appendix I. The SMLR results for the entire 
sample data set, ASD-all, and the three subsets ASD-2000 (ASD-1), the ASD-2002 (ASD-2 
and ASD-3) and the ASD-noweeds sample data, showed that in total, 64% of the highest 
scoring transforms across attributes belonged to the ASD-2002 subset and 34% to the ASD-
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2000 subset (excluding results for reflectance). Neither the ASD-all samples none the ASD-
noweeds samples scored highest for any transform. 
 It was also observed that for digestibility, crude protein and cellulose the highest R2 values 
were achieved using the ASD-2002 subset for all transforms. For water this was the case for 
the ASD-2000 subset and for chlorophyll and lignin the results were mixed. This means that 
the relative performance between sample subsets was more or less maintained across the 
transforms for each attribute and suggests that the effect of subsetting is larger than the effect 
of the transforms. Higher R2 values resulted from using transformed spectra than for 
reflectance for most subsets and attributes except water, indicating that mathematical 
transformations can improve spectral sensitivity. For water, digestibility and cellulose the 
difference in R2 values between reflectance and the other transforms was more limited using 
the ASD-2002 subset compared to the others. A summary of these results is presented in 
Table 60, showing the results for the best scoring transforms for each attribute and subset.  
 
Table 60 Summary of SMLR results for the different sample subsets for each attribute. The best subset is 
highlighted in bold type face for each attribute. 
Attribute Subset Transform n R2 Adj. R2 
Chlorophyll (mg/g) ASD all LOG1R-D 87 0.77 0.75 
 ASD-2000 BNA 42 0.91 0.89 
 ASD-2002 LOG1R-D 45 0.89 0.88 
 ASD-no weeds CR-D 69 0.81 0.80 
Water mass (mg/g) ASD all R-D 58 0.96 0.96 
 ASD-2000 DEP-D 13 1.00 1.00 
 ASD-2002 R-D 45 0.98 0.98 
 ASD-no weeds R-D 48 0.96 0.96 
Crude Protein (% of DM) ASD all BNA 75 0.77 0.75 
 
ASD-2000 BNA-D 42 0.91 0.89 
 ASD-2002 BNA-D 45 0.91 0.90 
 ASD-no weeds BNA 64 0.81 0.80 
Digestibility (% of DM) ASD all LOG1R-D 75 0.87 0.86 
 
ASD-2000 LOG1R-D 42 0.91 0.90 
 ASD-2002 R-D 45 0.93 0.92 
 ASD-no weeds LOG1R-D 64 0.88 0.87 
Lignin (% of DM) ASD all BNA-D 82 0.63 0.61 
 ASD-2000 BNA-D 37 0.86 0.83 
 ASD-2002 BNA-D 45 0.85 0.83 
 ASD-no weeds BNA-D 66 0.66 0.63 
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Attribute Subset Transform n R2 Adj. R2 
Cellulose (% of DM) ASD all BNA 82 0.72 0.70 
 
ASD-2000 LOG1R-D 37 0.85 0.83 
 ASD-2002 LOG1R-D 45 0.93 0.92 
 ASD-no weeds BNA 66 0.73 0.71 
For chlorophyll, water and lignin the ASD-2000 subset produced the highest R2 values and 
although the transforms were different (BNA, DEP-D and BNA-D respectively) they were all 
from the abs-feature group. For crude protein, digestibility and cellulose the highest R2 values 
were achieved with the ASD-2002 subset. Again the best transforms varied, BNA-D, R-D and 
LOG1R-D, but were from both groups. The sample size was the same for the ASD-2002 
subset across the attributes but varied for the no-weed subset, the entire set and for the ASD-
2000 subset. Occurring sample sizes are significantly negatively correlated with R2 (-0.61) 
and adjusted R2 values (-0.57, p<0.0001). Hence the small sample size for water and the 
ASD-2000 subset (n=13) is very likely instrumental in producing SMLR R2 values close to 1 
for all transforms. 
The attribute positions of relative performance shown previously from SMLR using all 
samples and the 77 transforms (i.e. in descending order: water, digestibility, crude protein, 
chlorophyll, cellulose and lignin) were maintained for water (highest R2 values), and lignin 
(lowest R2 values) for all sample sets based on the six unsmoothed transforms (Table 61). In 
general there is good agreement in the rankings between using all transforms and only six. 
Table 61 Comparison of ranking of the six attributes for the different subsets based on SMLR adjusted R2values. 
Rankings that are the same for all data sets are highlighted in grey. Included for comparison is the 
result from using all 77 transforms and all available samples highlighted in italics. 
Pasture 
attribute 
ASD-all 
(77 
transforms) 
ASD-all 
(six 
unsmoothed 
transforms) 
ASD-2000 
(six 
unsmoothed 
transforms) 
ASD-2002 
(six 
unsmoothed 
transforms) 
ASD-no weeds 
(six 
unsmoothed 
transforms) 
chlorophyll 4 3 2 5 4 
water 1 1 1 1 1 
crude 
protein 
3 4 4 3 3 
digestibility 2 2 3 2 2 
lignin 6 6 6 6 6 
cellulose 5 5 5 4 5 
Digestibility achieved the 2nd highest R2 values for all subsets except ASD-2000. Cellulose 
was ranked 5th for all subsets but ASD-2002. For crude protein and chlorophyll the ranks 
varied between subsets and ranks were swapped between the ASD all based on all 77 
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transforms and the ASD-all based on only seven. These results indicated that sample 
subsetting can have an influence on regression results as shown by the modification of 
relative performance although some effect could be due to limiting the transforms to the six 
best. However, the maintenance of the performance order of the attributes suggested that 
sample subsetting affected the attributes in a similar way.  
The selected wavelengths for the five SMLR regressor terms varied between the subsets for 
each attribute. Some are in common with a larger proportion between the entire set and ASD-
2000 subset than between the ASD-all set and ASD-2002 or between ASD-2000 and ASD-
2002, or either compared to the ASD-noweeds subset. This indicated that the samples of the 
ASD-2000 subset have a stronger effect on the wavelength selection, possibly because of 
more diverse samples on the entire ASD set. Because of the selection variation, the proportion 
of wavelengths selected within each of the six major absorption features and outside are 
summarised in column graphs in Figure 97.  
 
Figure 97 SMLR wavelength selection proportions across major absorption features and outside for the four 
subsets. a) chlorophyll, b) water, c) crude protein, d) digestibility, e) lignin and f) cellulose. 
Proportions of wavelengths falling within major absorption features are coloured as: 408-518 = light 
green, 588-750 =green, 1116-1284 = blue, 1652-1770 = purple, 2006-2196 = orange, 2222-2378 = 
yellow. (Source data Table 113 and Table 114 Appendix I). 
  257 
Sample subsets affected the proportion of wavelengths selected within each major absorption 
feature for all attributes. The number of wavelengths selected outside the major absorption 
features also varied with similar number for ASD-all and ASD-2000 for all attributes but 
water where all subsets showed similar proportions of wavelengths. For chlorophyll, crude 
protein and lignin more wavelengths were picked within the six major absorption features for 
the ASD-2002 subset than the others. For water and digestibility less were picked for ASD-
2002.  
To get an appreciation of the persistence of wavelength regions despite subsetting the 
wavelengths were sorted in descending order (Table 62). For each attribute a summary of the 
spectral regions selected for at least three of the subsets are listed in the leftmost column with 
comments regarding the connection to bio-chemical absorption.  
Table 62 Spectral regions identified by SMLR across ASD subsets and seven unsmoothed transforms for each 
canopy attribute compared to regions identified by SMLR using all ASD spectra and 77 transforms. 
The regions are differently coloured for each major absorption feature (408-518 = light green, 588-750 
=green, 1116-1284 = blue, 1652-1770 = purple, 2006-2196 = orange, 2222-2378 = yellow). A black 
box indicates regions in common between subsets and the entire set. (Sources for comments on 
possible biochemical connection are the same as for Table 132, Appendix N.) 
Chlorophyll Comment Water Comment Crude 
Protein 
Comment 
468–476 Chlorophyll b, 460 
nm 
621–624 640 chlorophyll b 625–626 640 nm chlorophyll 
b 
553–557 green “peak” 631–632 640 chlorophyll b 668–678 660 chlorophyll a 
647 640 chlorophyll 648–653 640, 660 nm 
chlorophyll b 
692–696 Red edge 
1686–1697 1690 nm, main lignin 
but also protein 
718–722 724 nm chlorophyll  1274–1284 1275 nm cellulose 
1769 cellulose 1780 nm 1042–
1046 
Unknown 2020–2024  
2028-2038 lignin 2048 nm, 
protein 2048 &2054 
nm  
1186–
1198 
1200 nm water 
feature 
2032–2044 2054 nm protein 
2158–2160 protein 2168 nm 1208–
1217 
1200 nm water 
feature 
2110 2106 nm lignin 
2190–2195 Protein/nitrogen  
2180 nm 
1719–
1724 
1724 nm lignin, 
1730 nm protein 
2238–2249 2240 nm protein 
2252–2256 Protein 2240 nm 2110–
2112 
2106 nm lignin   
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Digestibility Comment Lignin Comment Cellulose Comment 
439–448 430 nm chlorophyll a, 
460 nm chlorophyll b 
482–484 460 nm chlorophyll 
b 
1254–1268 1275 nm cellulose 
511–516  1746–
1769 
1754 nm lignin abs 2086–2096 2100 nm cellulose 
588–599 chlorophyll well 2333–
2337 
2300 nm feature   
1207–1211 Water/lignin/cellulose 
1200 nm 
    
1721–1724 1724 nm lignin     
2031–2045 2048 nm lignin     
2088–2095 2084 nm cellulose, 
2090 nm 
hemicellulose 
    
2247–2264 2246 nm cellulose, 
2270 nm digestibility 
    
2294–2297 2300 nm protein     
2374      
The regions in common between the original analysis set and the subsets were marked with a 
black box. To aid the interpretation the fields were coloured according to the colouring used 
for the six major absorption features in previous analyses. For chlorophyll the persistent 
regions included 468–476 nm corresponding to chlorophyll b absorption at 460 nm, 640 
chlorophyll a absorption and protein, lignin and cellulose features in the SWIR. Two protein 
features were persistent for crude protein together with chlorophyll sensitive regions. Water 
was dominated by wavelengths related to chlorophyll and water, which was also the case for 
digestibility with the addition of a range of wavelengths in SWIR related to lignin cellulose 
and protein. The region highlighted as sensitive to digestibility in NIRS , 2260–2280 nm was 
also included. Fewer persistent regions were selected for lignin and cellulose with 
wavelengths possibly corresponding to lignin at 1754 nm selected for the former and two 
cellulose features for the latter at 1275 nm and 2100 nm. 
The results for chlorophyll, water and digestibility were partly similar to the high frequency of 
wavelengths in the 550–750 nm 1634–1786 nm absorption feature regions selected by 
stepwise regression of tropical grass quality variables (N, P ,K Ca and Mg) and first derivative 
continuum removed reflectance (Mutanga & Skidmore 2003). 
PLSR results from sample subsetting based on matrix cateogries 
As discussed in section 3.4 and in the previous section it was deemed likely that the spectral 
sensitivity would vary between pasture sample/spectra groups. PLS regression was therefore 
also applied to the same sample subsets as for SMLR; ASD-all samples, ASD-2000, ASD-
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2002 and ASD-no weeds. The attribute assay results were analysed with the six spectral 
transforms highlighted from SMLR as performing well; R-D, LOG1R-D, CR-D, BNA, BNA-
D and DEP-D. Reflectance was again included for comparison. PLSR statistics based on full 
crossvalidation for each attribute, subset and transforms are listed in Table 121 and Table 122, 
Appendix K. The best scoring models for each attribute were subjectively determined using a 
combination of RMSEP, %variation explained and the number of PCs and CV (ratio of IQ 
range and RMSEP) with the results for the best performing models shaded grey.  
A dependence on sample size had been indicated for SMLR results and although it was not 
deemed as likely for PLSR since it is known to be relatively insensitive to sample size (Geladi 
1988) a test using cellulose and the reflectance spectra (and eight subsets) was conducted. The 
results showed no significant correlation between n and RMSEP (R=0.39, p=0.34) or n and 
the correlation coefficient R (R=-0.15, p=0.72). No strong dependence of RMSEP on sample 
size was therefore presumed to be likely to strongly influence the results.  
The relative performance between the attributes was similar to SMLR (Table 61) but differed 
in a few ways (Table 63). For ASD-all samples, the ASD-2002, and the ASD-no weeds 
subsets, both the highest and the second highest were the same for water, digestibility and 
lignin. 
Table 63 Ranking of attributes for the different data sets (six unsmoothed transforms) based on PLSR RMSEP 
and CV (IQ range/RMSEP). SMLR rankings in brackets for comparison with the same ranking as 
PLSR are highlighted in grey. 
Pasture attribute ASD-all samples ASD-2000 ASD-2002 ASD-no weeds 
chlorophyll 4 (3) 1 (3) 3 (5) 3 (4) 
water 1 (1) 4 (1) 1 (1) 1 (1) 
crude protein 5 (4) 2 (4) 5 (3) 5 (3) 
digestibility 2 (2) 3 (2) 2 (2) 2 (2) 
lignin 6 (6) 6 (6) 6 (6) 6 (6) 
cellulose 3 (5) 5 (5) 4 (4) 4 (5) 
The ASD-2000 subset results showed more sensitivity to the analysis method, for example 
water was ranked first from SMLR and fourth in PLSR and chlorophyll first in PLSR and 
third in PLSR. As in SMLR, lignin was the only attribute ranked as performing worst 
regardless of subset. 
The PLSR analysis using the four sample sets showed that models based on the ASD-2002 
sample subset clearly produced the best results (86%) for all attributes but perhaps lignin. 
This is a strengthening of the indication from the SMLR results (section 6.3.4) where 64% of 
the best models belonged to the ASD-2002 subset. In general the ASD-all samples, the ASD-
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2000 and the ASD-no weeds produced lower correlation and higher RMSEP values although 
the difference between the ASD-2002 subset and the others were larger for chlorophyll, water, 
digestibility and cellulose than for crude protein and lignin. For most sample sets, the PLSR 
results for the models based on only significant spectral variables indicated stronger 
association with the attributes than using models utilising the entire spectral range.  
Table 64 summarises the PLS results for the best predictive models for each of the sample 
sets and attributes. The CV based on RMSEP and IQ range was used to compare between 
transforms, subsets and attributes. For comparison the PLSR results from the best model 
identified by SMLR using all 77 transforms and all samples are also included in the table. The 
summary table is followed by plots of predicted versus measured values for the best model for 
each attribute and provide an important illustration of the derived relationships. The 
wavelengths identified as influential on the models using PLS X-loadings are subsequently 
discussed with reference to physical absorption. 
Table 64 PLSR statistics for best scoring transform for each spectra subset for each attribute. RMSEP and R are 
from full cross validation and CV is IQ range/RMSEP. Highest scoring model results are highlighted 
with bold type face. If not already listed, the PLSR results for the best scoring transform and subset 
identified as best from SMLR analysis using all 77 transforms is included in the bottom row for each 
attribute in italics for comparison (i.e. for all attributes but water). 
Attribute Subset Transform R RMSEP CV 
Chlorophyll (mg/g) ASD-all BNA (sig) 0.77 0.32 2.79 
 
ASD-2000 CR-D (sig) 0.83 0.34 3.52 
 ASD-2002 R-D (sig) 0.87 0.15 4.04 
 ASD-no weeds R-D (sig) 0.66 0.35 2.54 
Best model from SMLR ASD-2002 7-DEP-D (sig) 0.82 0.17 3.25 
Water mass (mg/g) ASD all R-D (sig) 0.94 61.46 4.59 
 
ASD-2000 BNA (sig) 0.92 100.96 1.54 
Also Best model from SMLR ASD-2002 R-D (sig) 0.96 42.11 6.70 
 ASD-no weeds R-D (sig) 0.95 54.68 4.74 
Crude Protein (% of DM) ASD-all R (sig) 0.81 2.77 2.37 
 
ASD-2000 BNA-D (sig) 0.58 2.40 2.07 
 ASD-2002 BNA (sig) 0.80 3.18 2.45 
 ASD-no weeds R (sig) 0.78 2.75 1.89 
Best model from SMLR ASD-2002 71-LOG1R-D 0.89 2.39 3.25 
Digestibility (% of DM) ASD-all BNA-D (sig) 0.85 4.85 3.72 
 
ASD-2000 BNA-D (sig) 0.67 4.34 2.05 
 ASD-2002 DEP-D (sig) 0.91 3.94 4.67 
 ASD-no weeds BNA (sig) 0.83 4.51 3.96 
Best model from SMLR ASD-all 71-CR-D (sig) 0.87 4.61 3.91 
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Attribute Subset Transform R RMSEP CV 
Lignin (% of DM) ASD all BNA (sig) 0.42 3.65 0.96 
 
ASD-2000 BNA (sig) 0.70 3.67 1.33 
 ASD-2002 LOG1R-D (sig) 0.66 1.87 1.63 
 ASD-no weeds BNA (sig) 0.62 1.66 1.54 
Best model from SMLR ASD-2000 21-BNA (sig) 0.55 4.90 0.99 
Cellulose (% of DM) ASD-all BNA-D (sig) 0.56 3.42 2.42 
 
ASD-2000 BNA (sig) 0.52 4.86 1.47 
 ASD-2002 BNA (sig) 0.87 2.37 3.63 
 ASD-no weeds R (sig) 0.75 2.76 2.49 
Best model from SMLR ASD-2002 21-LOG1R-D (sig) 0.77 3.07 2.80 
*(sig) – significant X-variables only 
The PLSR analysis of chlorophyll resulted in a best model based on the ASD-2002 subset 
and R-D (sig) with RMSEP (0.15), which is half the size compared to the other subsets and a 
notably higher CV ratio (4.04). The ASD-2002 subset did not contain the upper range of 
chlorophyll values that the other subsets covered indicating that the relationship between 
chlorophyll values and spectral absorption could vary with concentration range or that it is not 
linear across the full range. Only this subset achieved a CV indicating a potential for 
prediction (i.e. above 4.0). In comparison the best scoring model from the SMLR analysis 
(section 6.3.2) had a CV of 3.25.  
The PLSR results for water showed large differences between subsets. The CV values for 
ASD-2002 subset and R–D (sig) were substantially higher (6.70) than for the others. R-D 
(sig) also performed best for ASD-all samples and ASD-no weeds. It had been identified 
already earlier as a well performing transform (Table 57). The ASD-2002 samples did not 
contain the lower values of water content included in ASD-2000 but the ASD-no weeds 
sample set did which indicated that the exclusion of these values per se did not improve 
performance. The CV values were above 4.5 for all subsets but ASD-2000 suggesting 
generally good predictive capacity for these models.  
The PLSR analysis of crude protein and spectra showed comparatively less strength in 
association regardless of subset. The highest CV (3.25) was achieved for the ASD-2002 
subset and the transform 71-LOG1R-D model identified from SMLR (77 transforms). It also 
produced the lowest RMSEP (2.39). This was the only transform using all available spectral 
variables (rather than only significant) that scored the highest for any attribute or subset. In 
contrast to the SMLR results reflectance produced the best results for ASD-all and the ASD-
no weeds sample sets.  
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The PLSR results for digestibility and spectral data indicated predictive capacity for the 
ASD-2002 subset and the abs-feature transform DEP-D (sig), CV value (4.67). This model 
had the lowest RMSEP (3.94) and a correlation (0.91) comparable to the water models.  
For lignin the highest CV (1.63) was achieved for the ASD-2002 subset and LOG1R-D (sig). 
This is comparatively a very low CV and the values for the other subsets with at least one 
valid PC were even lower. The PLSR source data in Table 122, Appendix K, also revealed 
that the %explained calibration variance values were very low, which is another indication 
that the prediction models for lignin would most likely be unreliable and unstable.  
For cellulose the best scoring subset was the ASD-2002 subset and the BNA (sig) with a CV 
of 3.63 and RMSEP of 2.37 with the results for the other subsets notably worse. In contrast to 
SMLR results also for cellulose reflectance produced the best score for the ASD-no weeds 
samples. 
In Figure 98 to Figure 102 the predicted values (from full crossvalidation) versus measured 
values for the best models for each attribute are plotted together with relevant PLS statistics. 
The relative performance between the attributes can be observed from the spread of data 
points around the regression lines as well as the offset from the 1:1 relationship line. 
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Figure 98 PLSR predicted versus measured chlorophyll content. PLSR model based on R-D-sig and the ASD-
2002 sample set. 
 
Figure 99 PLSR predicted versus measured water content. PLSR model based on R-D-sig and the ASD-2002 
sample set. 
 
Figure 100 PLSR predicted versus measured crude protein content. PLSR model based on 71-LOG1R-D and the 
ASD-2002 sample set. 
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Figure 101 PLSR predicted versus measured digestibility content. PLSR model based on DEP-D-sig and the 
ASD-2002 subset. 
 
Figure 102 PLSR predicted versus measured lignin content. PLSR model based on LOG1R-D-sig and the ASD-
2002 subset.  
 
Figure 103 Predicted versus measured cellulose content. PLSR model based on BNA-sig and the ASD-2002 
subset.  
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The plot of predicted versus observed chlorophyll content for the best model derived from 
the R-D-sig transform and the ASD-2002 chlorophyll data (Figure 98) showed that a few 
samples are located further from the regression line than most others and above 1 mg/g the 
data points are sparse. X-loadings indicated significant wavelengths at: 735 nm (red edge), 
532–536 nm (green peak), 567–573 nm (chlorophyll well), 820 nm and 965 nm 
(unattributable), 2241 nm and 2326 nm (protein), and 2430 nm (unattributable). 
In Figure 99 the plot of predicted versus observed water content for the best model derived 
from the R-D-sig transform and the ASD-2002 water mass is presented. A slightly larger 
spread of values in lower and upper ends is observed but otherwise the data points are quite 
closely placed around the regression line. X-loadings indicated significant wavelengths at: 
1129–1152 nm (water absorption), 2250 nm and 2260 nm (protein), 2366 and 2367 nm 
(protein/cellulose), 2412 nm and 2429 nm (unattributable). 
The plot of predicted versus observed crude protein content for the best model derived from 
the BNA-sig transform and the ASD-2002 chlorophyll data (Figure 100) showed a relatively 
wide spread around the regression line with fewer values at the top end and with one sample 
that could possibly be considered an outlier (green clover). It was not removed as it was 
considered a legitimate sample. X-loadings indicated significant wavelengths at: 1721 nm and 
1738 nm (protein), 2023–2046 nm (lignin), 2103–2110 nm (cellulose) and 2266–2277 nm 
(cellulose, protein).  
Data points of predicted versus observed digestibility content for the best model derived from 
the R-D-sig transform and the ASD-2002 subset are plotted in Figure 101. A relatively even 
spread around the regression line can be observed with the same sample as for crude protein 
displaying a larger distance from the regression line in the upper reaches. X-loadings 
indicated significant wavelengths at: 590–599 nm (green peak), 728–729 nm (red edge), 2054 
nm, 2060 nm, 2180 nm (protein), 2284–2294 nm (digestibility, protein) and 2232 nm , 2350 
nm (lignin, cellulose).  
The plot of predicted versus observed lignin content for the best model derived from LOG1R-
D-sig model and the ASD-2002 chlorophyll data (Figure 102) showed two samples (green 
clover and cape weed) with high lignin values that would be affecting correlation and the 
slope of the regression line. Excluding these values from the model calculation was not 
considered consistent with the general approach and a test showed that while the RMSEP 
decreased with 23 % there was an equal lowering of the correlation and the percentage 
explained calibration variance. X-loadings indicated significant wavelengths at: 626 nm 682–
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685 nm (chlorophyll), 703–713 nm (red edge) 2066–2076 nm and 2094 nm (protein). Earlier 
results showing that the only significant correlation (negative) between lignin and the other 
attributes was with crude protein for the research data. 
The plot of predicted versus observed cellulose using the best model, ASD-2002 samples with 
BNA-sig, showed a slightly irregular spread of data points around the regression line with a 
non-linear response for measured values above 30% cellulose. X-loadings indicated 
significant wavelengths at: 461–471 nm (chlorophyll b), 506–514 nm (start of green peak), 
2009–2010 nm (unattributable), 2045–2047 nm (lignin), 2104 nm and 2120 nm (cellulose) 
and 2265–2276 nm and 2356 nm (cellulose), 2305 nm (protein).  
6.4 Resampling field spectra to spectrometer band passes 
To test if any aspects of the relationship between ASD spectra and pasture assay data as 
represented by the derived PLSR models would be portable to hyperspectral image capture 
scales resampling of the ASD spectra to HyMap and Hyperion spectrometer band passes was 
undertaken. In addition, the subsetting approach used to assess the relationship between in situ 
ASD spectra and pasture attribute assays, which had improved the SMLR and PLSR result, 
was also tested. 
However, this analysis is only representative of the capabilities of field-spectrometer scale 
observations with resampled bandwidths and do not directly indicate the utility of HyMap and 
Hyperion image data to derive pasture quality metrics as effects of spatial resampling is not 
covered.  
Resampling or convolving many narrow bands to fewer wider bands causes an increase in the 
SNR and can have a smoothing effect on high resolution spectral data (Jupp 2005b). This 
process is sometimes also called ‘degrading’ since a reduction in spectral resolution is the 
result (Schlerf et al. 2003). However, the resampling can also produce an increase in the SNR. 
Methods for convolving finer spectral resolution sensor data to coarser resolution bands is 
included in the CSIRO ENVI Hyperion workshop module and includes ‘binning’ operations 
using filters derived from different band pass functions (Jupp 2005b). 
The advantage of resampling approach is the potential to indicate whether the wavelength 
positions per se may be adequate to capture the sensitivity experienced from using in situ 
spectra with only effects of spectral resolution differences rather than radiometric differences 
and changes to the canopy structure imaged. 
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To investigate changes to the derived relationships between the in situ ASD spectra and 
pasture attributes caused by a change in band pass number, shape and placement a simple 
approach was employed: 
• resample ASD spectra to HyMap and Hyperion stable bands (bad band 
averaging and binning) to create ‘synthetic’ spectra; 
• derive PLSR models from synthetic spectra and assay data; and 
• compare results from in situ ASD spectra models with synthetic models. 
6.4.1 Process to resample ASD spectra to HyMap and Hyperion bands 
Rather than just removing the “bad” band regions corresponding to atmospheric water 
absorption (1340 nm –1430 nm and 1790 nm –1965 nm) as was done in the ASD processing 
it was seen as more appropriate to linearly interpolate the wavelengths between the start and 
end of these noisy regions. Unwanted effects resulting from resampling to HyMap and 
Hyperion band passes because no HyMap and Hyperion bands are situated in the interval 
where the ASD is very noisy was thereby avoided. The noisy region above 2300 nm was left 
unchanged, as there was no end ‘point’ available for interpolation. 
The way in which radiance is recorded and divided between the sensor bands is defined by the 
instrument used to record the radiance and are described by band pass functions. These 
functions can, in the form of filter matrices containing so called binning weight values, be 
used to resample one set of band passes to coarser resolutions (Jupp 2005b). The band pass 
functions are commonly described by a number of attributes such as the “Mean WaveLength” 
or MWL, the “Full Width Half Maximum” or FWHM, Central WaveLength” or CWL and the 
standard deviation. The FWHM is the largest range between the two points where the filter is 
one half of its maximum value. The CWL is the name commonly used for the mid point 
between the ends where the band pass falls to half the peak value. The ratio of the FWHM to 
the standard deviation is used evaluate the “shape” of the band pass function and evaluate it. 
Slightly different definitions are in use. For HyMap, Hyvista Inc. defines the CWL by the 
wavelength at which half the area under the curve is at longer wavelengths and half the area is 
at shorter wavelengths (Jupp 2005b). For a symmetrical band pass this is the same wavelength 
as the peak response of the profile but for asymmetrical profiles like many of the HyMap 
bands it is not. If these band pass attributes are used to compare between sensors it is 
important to ascertain the definition used. 
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The Hyperion band pass form is well approximated by a Gaussian function whereas the 
HyMap band pass form is more appropriately described by a triangular function. The band 
pass functions are shown in Figure 145 and Figure 146 for Hyperion and Figure 147 and 
Figure 148 for HyMap, Appendix J. 
When both the binning and the resampling is done together as is done in ENVI Spectral 
resampling where a data file is used as input, this can cause problems. The binning in ENVI 
assumes Gaussian band pass functions so this procedure is not suitable to resample ASD 
spectra to HyMap band passes. Therefore it is more appropriate to use a resampling filter 
function in the form of a spectral library of binning weights over the same number of bands 
and sampling distance (1 nm) between 350 to 2500 nm as the ASD data. This type of spectral 
library or user-defined function is a matrix with 2151 rows and the number of columns 
equivalent to the number of HyMap or Hyperion bands. 
Filters for the December 2000 and March 2001 HyMap band pass functions in the form of 
spectral libraries were supplied by CSIRO (Jupp 2005b), specifically created for use in this 
research. They were derived from the ancillary data supplied with the imagery from the 
instrument manufacturers. The details of the principal process for calculation of the band pass 
functions are provided in Jupp et al. (2002). Two different filters were created for HyMap 
since the band settings had changed between December 2000 and March 2001. 
ASD spectra were resampled to Hyperion and HyMap band passes using the supplied spectral 
library filters and the CSIRO ENVI Workshop procedure called “Apply filter to images”. 
When the same filter is used in ENVI Spectral Resampling and Workshop the resultant new 
CWL’s differ by ~ 0.5 nm, which is likely to be due to differences in rounding or truncation 
(Jupp 2005b). The HyMap CWLs that resulted from using the spectral library filter band pass 
function produced slightly different CWL values than the wavelength centres listed for the 
band names in the imagery despite being based on the image band pass functions. Again this 
is most likely due to slight differences in the calculation of the CWLs and rounding. For the 
HyMap December 2000 data the average across all bands is -0.066 nm between the image 
CWLs and the resampled CWLs and 0.032 nm for the HyMap March 2001. For the Hyperion 
image this value is ~0.00005. All these values are very small and well below the noise level of 
the data. However, in order to be able to conduct predictions using equations derived from the 
PLSR analysis the band names from the imagery were maintained both for image spectra and 
resampled ASD spectra regardless of exact CWL. 
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6.4.2 Visual inspection of resampling results 
The 87 spectra in the ASD reflectance spectral library were resampled to HyMap and 
Hyperion band passes by using the spectral library filter functions in the CSIRO Workshop 
procedure and two new datasets were produced. One was resampled to the 155 Hyperion 
bands and the other to the 125 HyMap December 2000 bands. Resampling to the HyMap 
March 2001 bands was not considered necessary, as the differences between the two are very 
limited. For the purpose of discussion these ASD spectra are from here on called ASD 
“Hyperion-binned” (ASD-Hyp) and ASD “HyMap-binned” (ASD-HyM). 
The binning and resampling has a smoothing effect because of the wider FWHM and band 
spacing in the Hyperion and HyMap band passes compared to the ASD. The effect is obvious 
on a noisy spectrum such as the green Barley grass spectra examples (Figure 104).  
 
 
Figure 104 Plot showing two ASD spectra (in yellow and green) with the CWL positions of HyMap and 
Hyperion after resampling. 
Since binning/resampling to fewer wavelengths has a smoothing effect, and the application of 
smoothing filters had not consistently improved SMLR results for the ASD data (section 
6.3.2), smoothed ASD transforms were not included in the binning/resampling of ASD 
spectra to hyperspectral image band passes and the subsequent analysis. The same number of 
transforms as produced from the HyMap and Hyperion image ROI spectral libraries was then 
derived from these two spectral libraries of binned reflectance. The transforms investigated 
were the same as previously tested, i.e. full spectrum reflectance (R), first derivative R, (R-D), 
first derivative LOG (1/R), (LOG1R-D) and first derivative CR, (CR-D).  
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The three transforms based on continuum removal of spectral regions of the six main 
absorption features were also included after modification to the IDL program (Ticehurst 
2002a). The modification accommodated the different and irregular band centres of HyMap 
and Hyperion in the calculation of the area of absorption features used to create the synthetic 
absorption feature transforms BNA and first derivative BNA (BNA-D). 
To illustrate that many of the inherent features of the ASD spectra are actually preserved after 
binning, albeit smoothed, Figure 105 shows a plot where the binned/resampled spectra have 
been plotted against a secondary y-axis for clarity. Two types of spectra were used, one of 
green (lime green line) and one of dry Barley grass (red line). The Hyperion binned green 
Barley grass spectra are drawn in dark green and olive green for the HyMap binned. The dry 
Barley grass spectrum is drawn in orange for the Hyperion binned and brown for the HyMap 
binned. It was observed that the smoothing effect was stronger for the HyMap binned spectra 
than for the Hyperion binned. 
 
Figure 105 Result of binning/resampling of one green and one dry Barley grass first derivative reflectance 
spectra to Hyperion and HyMap bands. The resampled spectra are displaced on the second Y-axis for 
clarity. 
 
Enlarged plots of the red edge region (650–800 nm) and the region of protein-carbon 
absorption in the SWIR (2000–2200 nm) in Figure 106 and Figure 107 respectively clearly 
show the smoothing effect. 
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Figure 106 Comparison of first derivative green and dry Barley grass spectra with versions binned/resampled to 
Hyperion and HyMap bands in the red edge region. Resampled spectra are offset and plotted on the 
secondary y-axis for clarity. 
 
Figure 107 Comparison of first derivative green and dry Barley grass spectra with versions binned/resampled to 
Hyperion and HyMap bands in the SWIR region of carbon absorption. Resampled spectra are plotted 
against a secondary Y-axis for clarity. 
It is obvious that the resampling produces a difference in shape between HyMap and 
Hyperion resampled spectra with a red edge maximum in shorter wavelengths for HyMap 
spectra compared to Hyperion. In the red edge region the spectra resampled to Hyperion band 
passes appear to maintain the original shape of the ASD spectra more faithfully than the 
HyMap band pass functions. In the SWIR region with its lower SNR it is evident that 
Hyperion binned data with a narrower FWHM and more densely positioned bands capture 
more of the inherent noise, as well as the shape and perhaps features of interest, of the original 
ASD spectra compared to the HyMap binned (Figure 107). 
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6.4.3 Comparison of PLSR results for spectra resampled to HyMap and 
Hyperion wavelengths 
The results from PLSR analysis of assay data and spectra resampled to HyMap and Hyperion 
band passes showed varied results depending on band pass versions but also very much on 
attribute, subset and transform. The data are provided in Appendix K, in tables for each 
attribute (Table 123 to Table 128) showing results for all transforms and sample subsets 
tested. Across subsets the Hyperion band pass version in general produced the lowest 
RMSEPs and highest CV’s followed by the ASD and than the HyMap band pass versions for 
all attributes but lignin. Comparing performance between the band pass versions for each 
transform and all subsets the Hyperion band pass version produced comparatively better 
results for chlorophyll, water, lignin and cellulose, scored the same as the ASD version for 
digestibility suggesting that the smoothing effect of this resampling version and position of its 
bands is slightly more appropriate for the pasture quality attributes the HyMap version 
although scoring better for one more transform than the Hyperion version. 
Comparing between the best performing subset, the ASD-2002 subset and using all available 
samples, the ASD-all data set, the ranking order of the band pass versions was similar for 
some (Table 65), with a few relationships the same (marked in grey) but for none of the 
attributes was the order the same. Using the ASD-all sample subset the ASD HyMap band 
pass version ranked last for all attributes which was only the case for digestibility using the 
ASD-2002 subset.  
Table 65 Ranking of the band pass versions for the two data sets for each attribute based on PLSR RMSEP and 
CV (IQ range/RMSEP. The rankings in common between the sample sets hare highlighted with grey. 
Pasture attribute ASD-all  ASD-2002  
 ASD ASD-
HyMap 
ASD-
Hyperion 
ASD ASD-
HyMap 
ASD-
Hyperion 
chlorophyll 1 3 2 1 2 3 
water 1 3 2 3 1 2 
crude protein 1  3 2 3 1 2 
digestibility 2 3 1 1 3 2 
lignin 2 3 1 1 2 3 
cellulose 1 3 2 3  2 1 
Because the ASD-2002 subset in general produced better PLSR results for all attributes only 
those are reported for the purpose of comparing the band pass versions. The results from 
PLSR analysis of ASD in situ spectra, spectra resampled to HyMap band passes (ASD-HyM) 
and Hyperion band passes (ASD-Hyp), and pasture attributes are summarised in Table 66, for 
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the best transform for the best performing sample sets, ASD-2002, for each attribute. The 
selection of the best models (less than 10 PCs) was based on the CV (ratio of the IQ range and 
RMSEP).  
Table 66 Summary of PLSR statistics from analysis of ASD field spectra, and spectra versions binned to HyMap 
and Hyperion band passes for the best transforms for each attribute. IQ range is the interquantile range 
(20,80). CV is IQ range/RMSEP. –sig indicates model derived from significant X-variables. The 
transform and results for the best performing version is marked in bold for each data sample set for 
each attribute. 
  ASD-2002 subset   
Attribute Band pass Transform R RMSEP CV 
Chlorophyll ASD  R-D-sig 0.87 0.15 4.04 
(mg/g) ASD-HyM LOG1R-D-sig 0.84 0.16 3.74 
n=87 ASD-Hyp LOG1R-D 0.83 0.17 3.52 
IQ range  0.60    
Water mass ASD R-D-sig 0.96 42.11 6.70 
(mg/g) ASD-HyM CR-D-sig 0.97 35.86 7.87 
n=58 ASD-Hyp CR-D-sig 0.96 38.65 7.30 
IQ range=  282.63    
Crude Protein ASD BNA-sig 0.80 3.18 2.45 
(% of DM) ASD-HyM DEP-D 0.88 2.58 3.02 
n=75 ASD-Hyp DEP-D-sig 0.85 2.83 2.76 
IQ range=  7.79    
Digestibility ASD DEP-D-sig 0.91 3.94 4.67 
(% of DM) ASD-HyM R-sig 0.88 4.55 4.04 
n=75 ASD-Hyp R-D 0.89 4.45 4.13 
IQ range=  9.87    
Lignin ASD LOG1R-D-sig 0.68 1.87 1.63 
(% of DM) ASD-HyM R-sig 0.56 2.10 1.46 
n=82 ASD-Hyp R-sig 0.57 2.10 1.46 
IQ range=  3.06    
Cellulose ASD BNA-sig 0.87 2.37 3.63 
(% of DM) ASD-HyM LOG1R-D-sig 0.91 2.36 3.65 
n=82 ASD-Hyp CR-D-sig 0.91 2.00 4.30 
IQ range=  8.61    
The three best performing models based on CV and correlation were derived from using the 
original ASD band pass versions for chlorophyll, digestibility and lignin, the HyMap band 
pass version for water and crude protein and the Hyperion band pass version for cellulose. 
The relative order of the attributes based on CVs for the best models for all versions was 
again water highest, (7.87) followed by (4.67) for the best digestibility model, in contrast to 
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previous comparisons 4.30 for the best cellulose model, then 4.04 for chlorophyll, 3.02 for 
crude protein and last lignin with 1.63. 
The transforms that the best models were based on varied between the band pass versions and 
were not the same across attributes. Reflectance, R and first derivative R here produced the 
best result for digestibility and the HyMap and Hyperion versions respectively. For both water 
and cellulose the CR-D transform produced the best results, for water using HyMap and for 
cellulose using Hyperion band pass versions. LOG1R-D (HyMap and Hyperion band passes) 
produced the highest CVs and correlation for chlorophyll. For crude protein DEP-D worked 
best for both the resampled versions. For none of the attributes were the transforms the same 
as for the ASD band pass version.  
6.4.4 Comparison of sensitive wavelengths between in situ and resampled 
ASD data 
The interpretation of the wavelengths regions of sensitivity identified with PLSR can be 
complicated (Huang, Z et al. 2004). However, the wavelengths identified as sensitive in the 
models based on different transforms don’t necessarily have to be the same for the models to 
be useful but ideally most of them should be related to absorption by a bio-chemicals that 
makes sense. Sensitive wavelength regions were identified for the best performing transforms 
for each band pass version for the ASD-2002 subset (as CV values were between ~20% 
(digestibility) and ~80% (cellulose) higher than using all available samples) and limited to 
crude protein, digestibility and cellulose. Spectral data based on univariate regression, SMLR 
and PLSR statistics had shown some sensitivity to these pasture attribute assays and the 
attributes are important to pasture quality.  
Chlorophyll and water, although having shown sensitivity in some models, are not feed 
quality attributes per se and much research has been extended to developing methods for their 
prediction in many types of vegetation (Blackburn 1998; Datt 1998; Gitelson et al. 2003; 
Peñuelas et al. 1993; Pinar & Curran 1996; Serrano et al. 2000; Tucker 1979; Ustin et al. 
1998; Zarco-Tejada et al. 2003c). Results for these are therefore not further discussed in this 
section.  
The PLSR model X-loading weights for each of the main PCs (contributing more than four 
percent to the explained X- or Y-variance) were used to identify regions of sensitivity and 
compare with established wavelengths of elemental absorption (Table 132, Appendix N). By 
sorting the wavelengths by X-loading value, wavelengths with relatively stronger influence 
could be identified (X-loading weight > 0.1 or < -0.1). In general all models highlighted a 
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number of wavelengths corresponding to absorption by directly associated bio-chemicals but 
also many unattributable wavelengths.  
The nine plots of X-loadings for the main PCs for the three attributes (in rows) and the three 
band pass versions (in columns) showed large differences both between attributes and 
between band pass versions although the main differences seem to relate to the transforms 
used and whether the models are based on significant wavelengths only or all available 
(Figure 108 to Figure 110). 
For crude protein (Figure 108 a-c) the 2060 nm protein absorption feature was identified as 
important by all band pass versions, 1730 nm was in common to the ASD and Hyperion band 
pass versions and 2294 nm to the HyMap and Hyperion band pass versions. For digestibility 
and all three band pass versions (Figure 109 a-c), wavelengths in the red edge had higher X-
loadings and the 2260-2280 nm digestibility sensitivity region identified from spectroscopy 
(Flinn & Murray 1984; Gordon et al. 1998), were in common to the ASD and Hyperion band 
pass versions. The 1690, 1694 nm protein absorption showed elevated X-loadings for HyMap 
and Hyperion. In fact an interesting relationship could be observed where the wavelengths 
highlighted by the PC X-loadings for the ASD-band pass model (DEP-D-sig) and the ASD-
HyMap band pass model (R-sig) were very different and for the ASD-Hyperion model (R-D-
sig) included most of those of the other two. For cellulose (Figure 110 a-c), the main 
wavelengths identified that were in common between the three band pass versions was 2270 
and 2280 nm cellulose absorption. Wavelengths in the red edge were common to HyMap and 
Hyperion band pass versions whereas for the ASD band pass version wavelengths close to 
460 nm had elevated values. 
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Figure 108 PLS PC X-loadings plots for the best PLSR models for crude protein and ASD spectra versionsfor  
a) ASD b) ASD-HyMap bin c) ASD Hyperion bin. Physically based wavelengths are marked with 
arrows. Transform type is shown to the right of the plots.
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Figure 109 PLS PC X-loadings plots for the best PLSR models for digestibility  and ASD spectra versionsfor a) 
ASD b) ASD HyMap bin c) ASD Hyperion bin. Physically based wavelengths are marked with 
arrows. Transform type is shown to the right of the plots.
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Figure 110 PLS PC X-loadings plots for the best PLSR models for cellulose and ASD spectra versionsfor a) 
ASD b) ASD HyMap bin c) ASD-Hyperion bin. Physically based wavelengths are marked with 
arrows. Transform type is shown to the right of the plots. 
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6.5 Discussion and conclusions 
The analysis of the relationship between the in situ captured pasture canopy spectra and the 
quality assays from the six attributes showed that the results were affected by a number of 
factors to varying degrees. These include the regression methods used, the mathematical pre-
treatment of the spectra and the samples included in the analysis. Clear differences in results 
between the attributes were also noted. 
The results showed a similar relative difference between the six attributes regardless of 
analysis method, with water showing the highest sensitivity. This is also the strongest 
absorber and hence it would be expected. Chlorophyll is also a strong absorber and would be 
expected to be a top performer but in this research chlorophyll unexpectedly performed worse 
than crude protein models and did not exhibit a strong relationship with the spectral data 
regardless of transforms and sample subsetting. This may be the effect of canopy structure 
differences and phenology, especially flowers and seeds affecting the spectral response in the 
NIR region, which is the established region for prediction of chlorophyll content (Datt 1998; 
Jago 1998). On the other hand some problems with chlorophyll assay reliability had been 
experienced (section 3.3.2). 
The univariate regression results from analysis of ASD reflectance and first derivative 
reflectance indicated two broad findings. Firstly, there was a clear difference in the strength of 
association based on the correlation coefficients for the wavelengths depending on attribute. 
Secondly, a relationship between the attributes chlorophyll, crude protein, digestibility and 
cellulose was indicated by the shape of the correlograms. This notion was supported by the 
correlations between attributes derived from the assay results (Ch 3) including the inverse 
shape of cellulose correlogram and its significant negative correlation to the other attributes. 
SMLR analysis including all samples and all 77 transforms confirmed the difference in 
strength of relationships between the attributes based on R2 using five regressor terms. The 
order was the same as for univariate regression with water showing the strongest spectral 
relationship, followed by digestibility, crude protein and chlorophyll. Of the two carbon 
attributes, cellulose ranked after chlorophyll with lignin substantially lower than the others. In 
comparison the results for these attributes from analysis of dried slash pine needles showed a 
completely different order with highest SMLR R2 for chlorophyll and nitrogen (Curran et al. 
1997). 
Ranking of the eleven transform types based on SMLR R2 (five regressor terms) for all filter 
versions showed differences between the attributes but in general the derivative transforms 
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performed better than their base form counter parts with six of the transform types represented 
in the three highest ranked. These were R-D, LOG1R-D, CR-D, DEP-D, BNA, BNA-D, i.e. 
three derivative full spectrum transform and three absorption feature transforms. Derivative 
transforms generally produced improved results compared to the base forms indicated by both 
SMLR and PLSR with the continuum removed absorption feature spectra exhibiting strong 
associations with all attribute assay data. 
A comparison of the two groups of transforms, full spectrum and absorption feature spectra, 
revealed limited differences between derivative full spectrum and absorption feature spectrum 
types based on the highest R2 for all attributes while the values for the worse performing 
versions of former type was lower than for the latter.  
Regression of absorption feature transforms can be seen as a modified and a more general 
version of FELR (section 2.5.3). The stepwise procedure is forced to pick wavelengths only 
from specified spectral regions for the absorption feature spectra. The results indicated that 
this could possibly be useful since the resulting R2 were generally as high as for the best full 
spectra transforms with the advantage of knowing that the wavelengths have a bio-chemical 
absorption base. When comparing the 10 best transforms for each attribute it was clear that 
continuum removed absorption feature type transformations were producing higher R2 values 
across all the attributes except for digestibility. 
The application of wide smoothing filters improved results for crude protein and digestibility 
with 50% of the 10 best being versions with 41 nm or wider filters for the former and 80% for 
the latter. This could indicate that attribute related absorption features in the relatively noisier 
SWIR region are enhanced by applying smoothing filters.  
When all 77 transforms were viewed sorted in descending order of R2 value the filter trends 
found among the highest 10 were not as obvious (Table 102, Appendix I). Based on the sorted 
R2s from SMLR of all 77 transforms for the six attributes the effect of filtering seemed 
secondary to the effect of the transform type.  
A comparison of the adjusted R2 between SMLR and PLSR for the four best transforms 
identified from SMLR showed that PLSR produced larger differences in performance. The 
observed large differences between SMLR and PLSR could suggest that the R2 values from 
SMLR are inflated (Card et al. 1988) or are unreliable as suggested by Grossman et al. 
(1996).  
The SMLR trend for absorption feature transforms to perform better than full spectrum 
transforms was not confirmed using PLSR. Utilisation of spectral bands outside the six major 
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absorption features seemed to enhance PLSR models and using only X-variables 
(wavelengths) deemed significant increased the predictive capacity judging from RMSEP 
(cross validation), %calibration variance explained, CV (Inter quantile range/RMSEP) and 
correlation (R). 
The best model derived from ASD in situ spectra and the best performing pasture quality 
attribute digestibility (% of DM) produced a CV of 3.9, which is less than the value of 4.1 
indicating qualitative predictive capacity (section 6.2.3). The corresponding CV for the best 
water model was 4.6 and for the three other attributes less than for digestibility. If the actual 
RMSEP of for example digestibility (4.61%) and a standard +/- 2 x RMSEP is calculated to 
provide the range within 95% of predicted values it constitutes +/- 9.2 %, which is equal to 
the interquantile range (18.0% using 20th and 80th percentiles) and about 50% of the entire 
range. Therefore using the entire sample set produces a result which only indicates a 
discrimination of a few levels of digestibility. For chlorophyll, crude protein and cellulose the 
CV value was less than 2.7 and for cellulose 2.08, and for lignin no predictive capacity could 
be observed regardless of transform. 
As reported by other researchers (section 2.5.3), a direct link between all the wavelengths 
selected and known absorption of the attributes of interest is rarely achieved, and this was also 
the case in this research. The spectral regions that univariate regression had identified 
included the red edge in the visible region, a section around 2000 nm and at the end of the 
spectrum.  
The review of the SMLR R2 results for the eight best of the two transform groups found 
variations in wavelength selection between the two groups for all the attributes. Crude protein 
showed the largest difference between the two groups followed by cellulose indicating that for 
these two attributes the availability of wavelengths outside the six major absorption features 
would be affecting the selection within. The largest proportion of wavelengths selected inside 
the six major absorption features were for digestibility (~80%) and outside for water (56%). 
However, for water a large proportion was selected within the main water absorption region 
1116–1284 nm for the absorption feature spectra. On the contrary this region is not 
highlighted in the correlograms from the univariate regression as having a stronger 
association with water. 
The extended review of the SMLR wavelengths for the four selected transforms for further 
analysis with PLSR showed that most of the wavelengths for crude protein and all but one for 
digestibility were within +/- 15 nm of either a directly or indirectly related bio-chemical. In 
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summary, the comparison of the wavelength selections between the transform groups, full 
spectrum and absorption feature type spectra, showed similarities for chlorophyll, water, 
digestibility and lignin, and rather large differences for crude protein and cellulose. These 
results indicated that isolation of specific absorption feature regions for analysis can be 
appropriate but should perhaps be evaluated specifically for each attribute. In addition, a 
number of selected wavelengths were located outside the six major absorption features that 
could be corresponding to legitimate absorption features as identified in Table 132, Appendix 
N. A more detailed review of the six major absorption features with possible extension into 
the shoulders of some features such as the second SWIR2 feature (2006-2196) could therefore 
be appropriate. Other regions such as 1600–1630 nm might need review to determine the 
nature of its influence as wavelengths here were selected for all six attributes. Sensitivity to 
the long wavelength shoulder of the green “peak” at 550 nm was indicated by SMLR 
wavelength selections in full spectrum transforms for chlorophyll and crude protein. This has 
been shown to be the case also for tropical grasses (Mutanga 2004). 
Research attempts to define the best bands between 400 and 2500 nm to discriminate between 
African savanna species of shrubs, grasses, weeds and agricultural crops provided ~30 as an 
optimum number out of 168 available 10 nm bands resampled from 1 nm ASD hyperspectral 
data (Thenkabail et al. 2004). This notion of high band redundancy could be confirmed by the 
results showing that significant bands in PLS generally generated lower RMSEP and higher 
correlation between the spectral data and pasture attribute assays regardless of subsets and 
attributes although the number of bands would vary widely even for the best PLSR models for 
prediction of the pasture quality attributes.  
Modified approach 
A basic idea underpinning the research was the importance of maintaining a large variation in 
attribute ranges among the samples to adequately represent the natural population of the 
pastures studied. Therefore the initial analysis involved the use of all available samples 
although the maximum number varied between attributes. Another reason for using all 
available samples was the potential sensitivity of coefficients of determination to sample size. 
Curran et al. (1992) reported that the SMLR R2 was expected to “increase if only because the 
sample size decreased from 110 to 30”. 
However, the analysis of the pasture and spectra matrix parameters (sections 3.4 and 4.5) had 
shown that characteristis of the sampled pastures and aspects of the spectra capture were 
likely to affect results and therefore a number of subsets of the entire data set were analysed 
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separately. The effect on results based on subsetting according to differences in spectral 
capture method and main species groups (weeds and non-weeds) was positive. For all 
attributes the highest SMLR R2 values were in general achieved for the ASD-2002 subset, 
which was based on samples captured using predominantly walking average recording of 
spectra. For the no-weeds subset some improvement was present and for the ASD-2000 
subset there was mostly a degrading of results. Interestingly, PLSR analysis identified nearly 
all ASD-2000 spectra as being potential outliers for a several of the transforms. PLS 
sensitivity to plot outliers was also experienced by Coops et al. (2003) when correlating forest 
canopy N to Hyperion spectra. 
Most of the weeds were dicotyledons with very different structure and form compared to the 
dominant grass canopies. They do not dominate the pastures under investigation and in the 
test set where they constituted 16%, this would be higher than the normal proportion of weeds 
in most pastures and paddocks, except in isolated areas such as animal camps. 
The absence of weeds and some outlier attribute values may help explain the better 
correlation between spectra and attribute values for the ASD-2002. In addition, there may be a 
better correspondence between the spectra and the pasture sample due to the walking averages 
capture of the ASD-2002 subset (section 4.2.3). However, any negative influence of possibly 
obscure weed spectra on the entire set was not confirmed by excluding them.  The R2 results 
were somewhat higher compared to the entire sample set likely to be attributable to the 
smaller sample size. The wider attribute range and larger spread of the entire sample set, 
compared to the subsets, could be seen as desirable in order to produce calibration equations 
for prediction of samples naturally occurring within the targeted temperate pastures.. 
However, effects of instrument variation has been highlighted as problematic for the 
portability of NIRS calibrations in a highly controlled environment. The effect on calibration 
equations derived using different ASD spectra capture methods in this research are likely to 
be even greater. Therefore, the samples in any data set used to correlate with pasture quality 
parameters should ideally be captured with the same method to reduce any confounding 
influence.  
Most of the identified weed species have very dissimilar morphological shapes compared to 
grasses. Visual inspection of the spectra confirmed this, for example the Cape weed and 
Scotch thistle (Figure 35 and Figure 36, section 4.2.3). Hence, it was expected that removing 
the weeds would improve the SMLR and PLSR results. Takahshi et al. (2004) suggested that 
caution needs to be taken in the choice of lignin analysis when using near-infrared 
spectroscopy to estimate the lignin content of different taxonomic classes of plants. 
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Difference between plant classes was suggested by the results for this subset, which 
performed better than the entire set and the ASD-2000 subset even though the influence on 
results were not as great as for the ASD-2002 subset.  
The CV values were higher for the best unsmoothed transforms for the entire sample set and 
the ASD-2002 subset compared to the best performing transform and subset using only the 
four transforms identified in SMLR for all attributes. An exception was crude protein for 
which LOG1-R-D transform smoothed with a 71 nm filter performed better for all subsets. 
The wavelengths selected for the five SMLR regressor terms varied between data subsets. The 
proportion of wavelengths located within each major absorption feature for the different 
subsets was most alike for cellulose. The number of wavelengths selected outside the major 
absorption features was overall largest for water regardless of subset and the proportion of 
wavelengths selected outside the major absorption features was in general smallest for the 
ASD-2002 subset. The selected wavelength regions across subsets showed a good 
correspondence to established absorption wavelengths for both the attributes themselves and 
for related bio-chemicals for chlorophyll, water, crude protein and digestibility. For lignin and 
cellulose the persistent regions were more limited to absorption by the biochemicals 
themselves. These encouraging results could only partly be attributed to the reduction in 
available wavelength regions from limiting the spectral regions to key absorption features, 
since four of the seven best transforms across attributes belonged to the full spectrum group.  
The ranking of the subsets based on PLSR results was the same compared to the results from 
SMLR only for lignin, the worst performing attribute. For water and digestibility the rankings 
were the same for all except the ASD-2000 subset and for the other attributes the rankings 
varied. These results indicate that the two methods are affected by different inherent aspects 
of spectral and pasture attribute data but perhaps also that a certain level of sensitivity is 
needed for persistence of results unless really low such as for lignin. Nevertheless, the better 
performance of the ASD-2002 subset for all attributes was confirmed by PLSR with high CV 
values for water (R-D-sig, 6.70), and relatively high for digestibility (DEP-D-sig, 4.67), 
chlorophyll (R-D-sig, 4.04) and cellulose (BNA-sig, 3.63). The lower predictive capacity for 
crude protein indicated with a CV of 2.45 CP could be due to an outlier sample of green 
clover (%CP >30) lacking a corresponding spectral response. Despite improved results from 
analysis of lignin for the ASD-2002 subset the low CVs still indicated very unstable models. 
The results from the water quantisation approach were not conclusive. The comparison of 
adjusted R2 values resulting from the SMLR and PLSR showed that the variation in water 
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content did not produce consistent results possibly because of the decreasing sample sizes and 
the limited differences in water content ranges. The results of Kokaly and Clark (1999) had 
suggested that water should be removed to within 10%, corresponding to 100 mg/g, in order 
to have no masking effect on absorption features in the SWIR region. The sample subset with 
<650 mg/g of water was dominated by values between 650–350 mg/g and the number of 
samples with really low water content was too small to be analysed in its own right. The 
inconclusive results indicated that the available range and number of samples were not large 
enough to test the effect of canopy/leaf water. However, for digestibility using PLSR models 
with high factor loadings for wavelengths in the VIS/NIR, which are not effected in the same 
way by water absorption as the SWIR, could mean that useful information can still be gleaned 
from the spectral data without needing to remove the influence of water content.  
The RMSEP results from the hierarchical approach, dividing the samples according to 
dominating species and greenness, indicated that senescing species and grass dominated green 
spectra performed slightly better but it was not supported by the CVs that take the IQ range 
into account with the highest CV produced using the entire sample set.  
Resampling to airborne and satellite band passes 
Resampling to airborne and satellite band passes were used to test the effects of different 
spectral resolutions/band widths as a means to identifying synoptic methods to map temperate 
pasture quality. Binning of the ASD spectra to hyperspectral image band passes had a quite 
obvious smoothing effect on spectral data but the effect on the predictive capacity of the best 
models was limited and not consistent between the attributes. 
The results for models derived from ASD spectra resampled to HyMap and Hyperion band 
passes/widths showed that lesser number of bands and different band positions in general did 
not have a degrading effect. Although these results are only representative of the capabilities 
of field-spectrometer scale observations with resampled bandwidths, as spatial difference are 
not taken into account, they showed that the band positions of Hyperion imaging spectrometry 
and HyMap could per se can be appropriate for predicition of pasture quality. 
The original ASD data with many more bands than both HyMap and Hyperion band passes 
produced the best predictive PLSR models based on CV (interquantile range/RMSEP) for 
chlorophyll, water, crude protein and cellulose when using all available samples (ASD-All). 
The lowest ranking when comparing the three band pass versions was achieved for the 
HyMap version suggesting that perhaps the HyMap band positions are more sensitive to the 
degrading effect of the large spectral and assay variation in the full sample set.  
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However, for the ASD-2002 subset which generally produced models with 15–75% higher 
CVs than other subsets and the ASD all sample set, the best models were derived from the 
ASD band pass version for chlorophyll, digestibility and lignin. The HyMap band pass 
version performed best for water and crude protein, and the Hyperion version for cellulose. 
Predictive capacity (CV>4) was observed for the ASD-2002 subset and all band pass versions 
for water and digestibility. These results further support the notion that the different band pass 
functions and number of bands of the HyMap and Hyperion spectrometers could be quite 
adequate. In addition, of the 19 models out of 36 producing CVs >3.0, 14 were limited to 
significant bands only, highlighting that even less bands may be needed to produce models 
with sensitivity to pasture quality attributes.  
Implications of results from the analysis of in situ spectra 
The research results from the analysis of the in situ spectra demonstrated potential to 
discriminate between different levels of digestibility, cellulose and possibly crude protein. 
This potential was enhanced by transforming the reflectance spectra in various ways. The 
main transformations that can be recommended for this type of spectral data include 
derivation of reflectance and continuum removal. In addition, SMLR analysis of the best of 
the 77 transforms indicated that wide smoothing filters could improved spectral sensitivity to 
crude protein and digestibility possibly by enhancing absorption features in the noisy SWIR 
region. 
SMLR showed inflated R2 results for all attributes when compared to PLSR correlation using 
adjusted R2. The research results suggested that PLSR may provide a useable analysis 
alternative to SMLR with the advantage of being relatively insensitive to sample size as well 
as providing robust and easily compared models derived from prediction testing using ‘leave-
one-out’ cross validation.  PLSR models based on only significant X-variables identified by 
the Unscrambler software frequently produced better results. For some models very few 
variables were enough to produce an improved result suggesting that that a suitable selection 
of variables is more important than many bands per se. 
ASD-2002 subset consistently produced better results for all attributes from both SMLR and 
PLSR than using all samples, likely the result of being dominated by spectra captured with the 
(same) walking integration method. The improvement on both SMLR and PLSR results from 
removing weed samples suggest that the structural differences between grasses and 
dicotyledon weeds could be causing a degradation of the sensitivity to the pasture attributes 
using the all available samples data set.  
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The results for models derived from ASD spectra resampled to HyMap and Hyperion band 
passes/widths showed that that the band positions of Hyperion imaging spectrometry and 
HyMap are likely to be appropriate for predicition of pasture quality. Varying degrees of 
predictive capacity were shown based on RMSEP and CV. For digestibility and cellulose 
models indicating qualitative predictive capacity were produced using the ASD-2002 subset 
of the original ASD band pass data  and data resampled to the Hyperion band pass.    
The wavelengths and wavelengths regions identified as important varied with method, 
transform and sample subsetting for all attributes but would include wavelengths related to 
elemental absorption either directly by the attribute or a related bio-chemical suggesting that 
strongly performing models can show predictive capacity despite being based on different 
wavelengths. 
For most of the models the CV based on RMSEP and IQ range did not reach the ratio of 4.1 
and 4.9 discussed in section 6.2.3, which indicates stability and suitability for prediction based 
on accuracy and precision. This is not surprising given that the spectra were recorded of 
pasture and plant canopies in an uncontrolled natural environment rather than controlled 
laboratory conditions. However, the resampling and subsetting approach produced CV values 
for digestibility, 4.67 and 4.13 (ASD and ASD-Hyperion band passes) and cellulose, 4.30 
(ASD-Hyperion band pass) indicated qualitative predictive capacity. Further testing of these 
accuracy and precision values might be needed to be performed to evaluate their suitability 
when trying to determine quantised prediction levels or critical values. For example, for a 
predicted value of 65% digestibility an accuracy indicated by +/- 2 x RMSEP (3.9) would 
represent a notion that the true value with 95% confidence falls between 57.2% and 72.8%. 
For feed quality estimates this is a large range that covers the critical value boundaries for 
pasture quality (section 2.3). However, for the lower and upper ranges of predicted values 
some confidence can be gleaned that the predicted value would be of low or high quality. For 
crude protein the critical level is 10% and the RMSEP would therefore need to be clearly 
lower than the achieved 3.2 for the best in situ spectra models. 
Consequently, despite the rather large confidence intervals it should be possible to use models 
such as the ones derived in this research for at least digestibility to distinguish between 
pastures several quality levels and this would provide useful management information to the 
grazing industry in temperate Victoria.  
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CHAPTER 7  
ANALYSIS OF HYPERSPECTRAL IMAGE SPECTRA AND PASTURE 
QUALITY ATTRIBUTES WITH COMPARISON TO RESULTS  
FROM IN SITU SPECTRA ANALYSIS 
7.1 Introduction 
As identified in CHAPTER 2 the use of airborne and satellite hyperspectral data to produce 
maps of variations in feed quality and carbon content across temperate pastures has potential 
to help improve performance and sustainability of grazing enterprises and carbon modelling. 
Therefore the best methods to analyse relationships between in situ ASD spectra and pasture 
assay data identified in CHAPTER 6 were here extended to the analysis of the imaging 
spectrometer data. An overview of the chapter content is provided in Figure 111. 
 
Image spectra and 
pasture attribute 
assay analysis 
HyMap & Hyperion image spectra 
Comparison of  
spectrometer results 
 
Prediction of pasture quality from 
HyMap and Hyperion image 
spectra using ASD derived models 
Chapter 7 
Analysis of hyperspectral image spectra and 
pasture quality attributes with comparison to  
In situ spectra analysis results 
Discussion 
and 
conclusions 
HyMap 
(airborne) 
Hyperion 
(satellite) 
ASD  
(in situ) 
Hyperspectral 
image data 
(Chapter 5) 
Pasture 
attribute data 
(Chapter 3) 
Partial Least 
Squares 
Regression   
– PLSR Analysis 
methods 
(Chapter 6) 
Results 
Comparison of sensitive wavelengths 
7.2 
7.3 
7.2.4 
7.2.1–7.2.2 
7.4 
7.2.3 
 
Figure 111 Overview of content of CHAPTER 7. The different analyses undertaken to investigate the 
relationship between image spectra and pasture quality assays. 
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Firstly, the HyMap and Hyperion spectra derived from image regions of interest (CHAPTER 
5) and corresponding pasture assay data (CHAPTER 3) were analysed with Partial Least 
Squares Regression (PLSR) using the same six transforms and reflectance as used for the in 
situ resampled ASD data (section 7.2.1–7.2.2.). It is followed by a comparison of the 
wavelengths identified as sensitive for the different models for crude protein, digestibility and 
cellulose (section 7.2.3). In section 7.2.4 the analysis is expanded to a test of models based on 
resampled in situ ASD data for prediction of attribute levels from HyMap and Hyperion 
image spectra and the results described. This approach was expected to provide insight into 
the portability of the in situ based prediction models to prediction of pasture attributes from 
image spectra and the effects of radiometric, spectral and spatial resolutions. The capacity of 
the image spectra to resolve temperate pasture attributes is then compared to in situ ASD 
spectra results in section 7.3. Finally all results are discussed including implications for feed 
based applications and carbon cycling, and up scaling as well as needs for further analysis 
(section 7.4). Unscrambler 9.1 was used to analyse the relationship between pasture assay 
data and image spectra and EXCEL was used for some of the graphical outputs. 
7.2 Image spectra and pasture attribute analysis 
Image spectra from the extracted regions of interest (ROIs) were compared to the assay 
results for the corresponding pasture samples using PLS regression using a similar approach 
as developed for the ASD in situ spectra resampled to HyMap and Hyperion band passes. The 
same six transforms, R-D, LOG1R-D, CR-D, DEP-D, BNA, BNA-D and reflectance R, were 
used in the analysis of the relationship with pasture assay data corresponding to the ROIs. 
HyMap and Hyperion results are reported separately followed by a section comparing 
wavelength sensitivity between the PLSR models based on the X-loadings.  
7.2.1 HyMap image spectra analysis 
The four individual HyMap image sample sets from each of the study sites were considered 
too limited both in attribute range and in sample number to be used in PLS regression in their 
own right. Therefore the combined spectra from the four HyMap images were initially 
analysed using PLSR with the pasture assay data for the four attributes (crude protein, 
digestibility, lignin and cellulose) for which data were available. The PLSR results for the 
three post-atmospheric treatment versions (section 5.5), only MNF smoothing (MNF), MNF 
and EFFORT smoothing using ASD boost spectra (MNF-EFF) and EFFORT as part of 
HYCORR (HYCORR-EFF), and no treatment (NONE), were collated for the six transforms 
and sorted on CV (IQ range/RMSEP), (Table 129 a–d, Appendix M). 
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This approach was modified and an additional sample set was created by excluding the March 
2001 spectra from the HyMap image of the Hamilton Long Term Phosphate Experiment 
(LTPE) for each attribute. The reason for the creation of this reduced sample set was that both 
the attribute assay results (section 3.5.3) for the samples corresponding to the HyMap image 
spectra divided on the two campaigns and an early visual inspection of the image spectra had 
shown that the data from the March 2001 HyMap campaign were very different to the other 
three from the December 2000 campaign. The image albedo was lower because of the late 
season and the attribute ranges were much narrower and the diversity in general lower 
because of the dried off pastures. 
In the PLSR statistics for each attribute and the two sample sets, HyMap-all (the combined 
image spectra) and HyMap Dec2000 spectra, large differences in results between the two data 
sets were observed (Table 129 and Table 130, Appendix M). A summary of the results for the 
best models for each attribute are provided in Table 67. The RMSEP values were slightly 
higher using all combined spectra/samples than the December 2000 subset for digestibility, 
lignin and cellulose but somewhat lower for crude protein. However, the CVs (IQ 
range/RMSEP) were nearly double for cellulose, ~75% higher for crude protein and 
digestibility, and for lignin 40% higher. A large difference in correlation (R) for the two data 
sets was noted for cellulose. For water and chlorophyll no data for the March 2001 HyMap 
spectra were available and hence no ‘-all’ versions were available.  
Table 67 Summary of PLSR statistics for the best models from analysis of HyMap image spectra corresponding 
to the two sample sets HyMap-all and HyMap-Dec2000 for crude protein, digestibility, lignin and 
cellulose. IQ range is the interquantile range (20,80). CV = IQ range/RMSEP, –sig indicates model 
derived from significant X-variables. 
 HyMap-all image spectra n=72 HyMap-Dec2000 image spectra n=56 
Attribute Post atm. 
treatment 
Transform R RMSEP CV Post atm. 
treatment 
Transform R RMSEP CV 
Crude Protein MNF-EFF CR-D-sig 0.92 1.41 5.03 NONE R-D-sig 0.85 1.56 2.92 
(% of DM)  (IQ range=7.10)    (IQ range=4.54)   
Digestibility MNF R 0.96 2.71 7.38 MNF R 0.90 2.42 4.20 
(% of DM)  (IQ range=20.03)    (IQ range=10.16)   
Lignin MNF-EFF LOG1R-D-
sig 
0.90 1.01 4.70 HYCORR
-EFF 
BNA-D-sig 0.86 0.95 3.31 
(% of DM)  (IQ range=4.73)    (IQ range=3.15)   
Cellulose NONE DEP-D-sig 0.92 1.91 3.90 NONE CR-D-sig 0.76 1.17 2.50 
(% of DM)  (IQ range=7.47)    (IQ range=2.93)   
The low RMSEP, high CV’s and correlation results for the combined data set were 
encouraging but when the HyMap image spectra data points were marked by image id the 
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grouping effects on the PLS regression results for some models become clearly visible. A 
score plot of PC1 versus PC2 for the best PLS model (three PCs) for lignin showed spectra 
clusters corresponding to the different images (Figure 112 a) even though for the best model 
for digestibility (R-sig) this pattern was less obvious (Figure 112 c). For lignin the score plots 
for PC3 versus PC1 also showed groupings (Figure 112 b) whereas the plot of PC1 versus 
PC4 for the digestibility model (5 PCs) showed much less distance between the groups and 
more evenly distributed data points (Figure 112 d). The LTPE image data points were 
coloured black, Vasey red and the blue and green from the PVI and Ellinbank respectively. 
a) lignin PC1 versus PC2           b) lignin PC1 versus PC3 
     
a) digestibility PC1 versus PC2           b) digestibility PC1 versus PC4 
      
Figure 112 Score plots of PLS principal components (PCs) for HyMap-MNF-EFF, LOG1R-D-sig and lignin. a) -
PC1 versus PC2, b) PC1 versus PC3, and for HyMap-MNF-EFF, R and digestibility c) PC1 versus 
PC2, d) PC1 versus PC4. Black points are spectra from LTPE, red from Vasey, blue from the PVI and 
green from Ellinbank hyperspectral images. 
Scatter plots of the predicted versus measured assay values with the HyMap-all points 
coulored as for the PC plots showed the sample groups from the LTPE and Vasey images 
clearly separated for the lignin model, and with limited sensitivity within each image data set 
(Figure 113 a). This was also the case for the data corresponding to the PVI and Ellinbank 
images, although these data were more mixed, reflecting an overlap in attribute values. For 
digestibility and crude protein there is a similar trend but the separation is much less 
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pronounced with spectra showing some sensitivity to changing values within the study site 
samples (Figure 113 c and e).  
a) lignin (HyM-NONE-all, LOG1R-D-sig)        b) lignin (HyM-HYCORR-EFF-Dec2000, BNA-D-sig) 
      
c) digestibility (HyM-MNF-all, R)          d) digestibility (HyM-MNF-Dec2000, R) 
      
e) crude protein HyM-MNF-EFFall, CR-D-sig          f) crude protein (HyM-NONE-Dec2000, R) 
   
g) cellulose (HyM-NONE-all, DEP-D-sig)       h) cellulose (HyM-NONE-Dec2000, CR-D-sig) 
   
Figure 113 Plots of PLSR results for HyMap spectra where the left column shows the HyMap-all data and the 
right column shows HyMap-Dec2000 subset. a) lignin (HyM-NONE-all, LOG1R-D-sig) b) lignin 
(HyM-HYCORR-EFF-Dec2000, BNA-D-sig) c) digestibility (HyM-MNFall, R) d) digestibility 
(HyM-MNF-Dec2000, R), e) crude protein (HyM-MNF-EFF-all, CR-D-sig) f) crude protein (HyM-
NONE-Dec2000, R) g) cellulose HyM-NONE-all, DEP-D-sig)  h) cellulose (HyM-NONE-Dec2000, 
CR-D-sig) The black rings denote spectra from LTPE, red Vasey, blue PVI and green Ellinbank. 
  293 
For cellulose the inherent lack of sensitivity, is especially apparent in the LTPE data (Figure 
113 g), whereas the December 2000 data show overlap of values between sites and significant 
correlation between predicted and actual values.  
Only scatter plots for HyMap-Dec2000 and predicted versus measured values could be 
derived for chlorophyll (Figure 114 a) and water (Figure 114 b) as these two attributes had not 
been measured for the LTPE pasture samples. It should also be noted that the number of 
samples were less for chlorophyll (n=34), see section 3.3.2, than for the others (n=56). For 
water the RMSEP is low (47.13) and the correlation high but with the sites more clearly 
separated than for the other attributes except lignin. 
a) chlorophyll (HyM-NONE-Dec2000, DEP-D)          b) water (HyMap-HYCORR-EFF-Dec2000) 
    
Figure 114 Plots of PLSR prediction results for HyMap spectra. a) chlorophyll (HyMap-NONE-Dec2000, DEP-
D) and b) water (HyMap Dec-2000, BNA-D). The red rings denote data from Vasey, blue PVI and 
green Ellinbank. 
The HyMap-Dec2000 scatter plots showed patterns in the data clouds indicating site 
groupings, although not as clear as in the score plots. The data points are tightly and evenly 
spaced around the regression lines for water, digestibility and crude protein. The correlation 
values and the distance of the regression lines (blue lines) to the 1:1 relationship lines (black 
line) also indicate a better performance. For chlorophyll and cellulose the data point 
dispersion is larger and for lignin, the Vasey data (red rings) are clearly separated from the 
other data, although the correlation is relatively high also for the best Dec-2000 model.  
To allow comparison of results for all six attributes and to assess the effect of the post 
atmospheric treatments and transformations, the PLSR results for the HyMap Dec-2000 data 
were sorted on CV value in ascending order for each attribute showing somewhat different 
effects for the six attributes (source data in Table 130 a–f, Appendix M). The effects on the 
top 10 models are summarised in Table 68. 
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Table 68 Summary of post atmospheric treatment and transformation effects on top10 performing PLSR models 
for HyMap Dec-2000 image spectra.  
Top 10 performing PLSR models 
  Post atmospheric treatment effects Transformation effects CV range 
for top 10 
Chlorophyll  
mg/g 
All represented in top 10 
NONE, HYCORR-EFF (four of top 10) 
DEP-D, BNA-D, LOG1R-D 
abs-feature (top six of 10) 
DEP-D 
1.98–2.72 
 
(2.34, 2.72) 
Water  
mg/g 
Two represented in top 10 
HYCORR-EFF (six of 10) 
MNF (four of 10) 
 
CR-D, R-D, R  
BNA, BNA-D 
7.60–8.25 
Crude protein 
(% of DM) 
All four represented in top 10 Only full spectrum 
five of 10 were R-D 
2.76–3.15 
Digestibility 
(% of DM) 
All four represented in top 10 
MNF (top three) 
Only R and R-D in top 10 3.81–4.21 
Lignin  
(% of DM) 
Three represented in top 10 (not NONE) 
HYCORR-EFF (five of 10) 
six of 10 absfeature 3.02–3.31 
Cellulose  
(% of DM) 
Three represented in top 10 (not HYCORR-EFF)  
MNF (five of 10) 
Top four were CR-D and 
CR-D-sig 
1.99–2.50 
The results for chlorophyll indicated very limited spectral sensitivity with CVs between 1.98 
and 2.72 for the top 10 but with two versions of DEP-D scoring better with CV 2.34 and 2.72. 
However the number of PCs were high (n=9) indicating possible overfitting given the poor 
performance and low variation in results for the other versions and transforms. For water 
improved performance from applying HYCORR-EFF and MNF post-atmospheric treatments 
was suggested by the PLSR results and a CV range of 7.60 and 8.25 for the top 10. For crude 
protein all post-atmospheric versions seemed to perform equally well with the transform 
groups influencing results more. Of the top 10 only the full spectrum transforms types were 
represented, with five based on the R-D transform. MNF only treatment dominated for 
digestibility with only R and R-D transforms represented among the top 10, and the second 
highest CV range (3.81–4.21). In contrast, the 10 best models for lignin (CV 3.02–3.31) were 
dominated by HYCORR-EFF versions (five out of 10). Here the abs-feature transforms 
dominated the top performers (eight of 10). Full spectrum MNF versions dominated the 10 
with lowest RMSEP for cellulose although the general performance was low with CV’s 
between 1.99 and 2.50. The top four were CR-D and CR-D-sig transforms.  
From evaluating the top 10 models it was observed that reflectance performed as well as other 
transforms, especially for digestibility. Three quarters of the best models were based on 
significant spectral variables only as determined by PLS software Unscrambler (section 
6.2.3), again indicating that fewer variables may be sufficient as long as they are significant. 
The relatively poorer performance for cellulose with HyMap image spectra from the 
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December 2000 campaign may be related to the limited assay range. The interquantile range 
was only 2.93% compared to 8.61%, the greatest value range, which was obtained for the 
ASD-2002 subset (Table 89, Appendix D).  
A summary of the PLSR results for the best models for each post atmospheric treatment 
option was collated for the six attributes (Table 69).  
Table 69 Summary of PLSR statistics for the best models from analysis of HyMap image spectra corresponding 
to the December 2000 samples for each post atmospheric treatment and pasture attribute. IQ range is 
the interquantile range (20,80). –sig indicates model derived from significant X-variables. The 
transform and results for the best performing version is marked in bold for each attribute. CV = IQ 
range/RMSEP 
  Dec-2000 HyMap image spectra 
Attribute Post atm. 
treatment 
Transform Correlation 
R 
RMSEP CV 
Chlorophyll NONE DEP-D 0.74 0.12 2.72 
(mg/g) MNF LOG1R-D-sig 0.34 0.16 1.98 
n=34 MNF-EFF BNA-D 0.48 0.16 2.05 
IQ range=0.32 HYCORR-EFF DEP-D 0.66 0.14 2.34 
Water mass NONE R-D-sig 0.94 60.12 6.47 
(mg/g) MNF BNA-D-sig 0.96 49.92 7.79 
n=56 MNF-EFF DEP-D 0.96 52.50 7.41 
IQ range=389.03 HYCORR-EFF CR-D-sig 0.96 47.14 8.25 
Crude Protein NONE R-D-sig 0.87 1.44 3.15 
(% of DM) MNF R-D-sig 0.86 1.46 3.12 
n=56 MNF-EFF CR-D-sig 0.85 1.56 2.92 
IQ range=4.54 HYCORR-EFF R-sig 0.84 1.57 2.89 
Digestibility NONE R 0.90 2.49 4.07 
(% of DM) MNF R 0.91 2.42 4.20 
n=56 MNF-EFF R-sig 0.90 2.49 4.08 
IQ range=10.16 HYCORR-EFF R-D-sig 0.89 2.67 3.81 
Lignin NONE BNA-D-sig 0.83 1.06 2.97 
(% of DM) MNF BNA-sig 0.84 1.03 3.07 
n=56 MNF-EFF BNA-sig 0.86 0.96 3.27 
IQ range=3.15 HYCORR-EFF BNA-D-sig 0.86 0.95 3.31 
Cellulose NONE CR-D-sig 0.76 1.17 2.50 
(% of DM) MNF CR-D 0.65 1.37 2.14 
n=56 MNF-EFF CR-D-sig 0.57 1.47 1.99 
IQ range=2.93 HYCORR-EFF BNA-sig 0.57 1.47 1.99 
It can be observed that for water and digestibility the results indicated predictive capacity in a 
qualitative sense (CV>4.1). On the contrary for chlorophyll, crude protein and cellulose the 
results suggested less useful models regardless of post atmospheric treatment option. 
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However, for chlorophyll, crude protein and cellulose the no post atmospheric treatment 
(NONE) produced the best results, for digestibility the MNF treatment worked best, and for 
water and lignin this was the case using only EFFORT polishing (HYCORR-EFF). It should 
also be noted that the correlations are very similar for the best performers from each treatment 
for water, crude protein, digestibility and lignin whereas the RMSEP and CV values vary 
more indicating the importance of these PLS regression statistics.  
7.2.2 Hyperion image spectra analysis 
The relationship between pasture assay data and corresponding image spectra from the 
Hyperion image were investigated using a subset of all image spectra extracted. The ROIs 
from the single pixel covering the location of the samples taken that corresponded to the in 
situ ASD spectra of rather limited pasture canopies were excluded. The reason was the 
likelihood that the variation within a 30 metre pixel would not be representative of a limited 
grab sample. A simple visual comparison of Hyperion and ASD in situ spectra had shown 
limited correspondence in overall signature shapes between point based ASD spectra and 
Hyperion single pixels covering these locations whereas walking average ASD spectra 
showed better resamblance. In addition six spectra from a PVI paddock with very uncertain 
spatial sampling locations were excluded (Pd 7).  
The results of the PLS regression for the three Hyperion image post-atmospheric treatments 
(NONE, MNF, MNF-EFFORT), the six transforms and reflectance for the six attributes 
showed a large variation in RMSEP, correlation R and CV (IQ range/RMSEP), (Table 131 a–
f, Appendix M). The best models for water, crude protein and digestibility produced CV ratios 
just over 4.0 for the former and 3.0 for the latter two whereas the values for the other three 
attributes were much lower. The range of CV values for both chlorophyll (1.58–2.67) and 
cellulose indicated low spectral sensitivity (1.29–1.80), and for lignin (1.19–1.33) it was 
virtually non-existent. The correlation between predicted (full crossvalidation leave-one-out) 
and actual data for the best Hyperion transforms for water and digestibility were the only ones 
to exceed 0.80. The best models for all attributes were based on significant spectral variables 
as determined by PLS software Unscrambler (section 6.2.3).  
Based on the top 10 models, beneficial effects on results from the two post atmospheric 
treatments were shown for chlorophyll, water, digestibility and lignin. MNF-EFF contributed 
six of the top 10 for water, digestibility (and chlorophyll). All three versions were represented 
in the top 10 for crude protein and lignin. In contrast, the top five models for cellulose were 
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based on the no treatment version. A summary of the best models for each of the attributes is 
provided in Table 70.  
Table 70 Summary of PLSR statistics for the best transforms from analysis of Hyperion image spectra with 
different post atmospheric treatment versions for each attribute. IQ range is the interquantile range 
(20,80) of the sample values. –sig indicates model derived from significant X-variables. The transform 
and results for the best performing version are marked in bold for each attribute. CV = IQ 
range/RMSEP 
  Hyperion Jan 2002 spectra  
Attribute Post atm. 
treatment 
Transform Correlation 
R 
RMSEP CV 
Chlorophyll (mg/g) NONE DEP-D-sig 0.79 0.11 2.67 
n=49 MNF DEP-D-sig 0.74 0.12 2.47 
IQ range=0.30 MNF-EFF DEP-D-sig 0.75 0.12 2.48 
Water mass (mg/g) NONE DEP-D-sig 0.87 53.26 4.01 
n=48 MNF CR-D-sig 0.88 51.06 4.19 
IQ range=213.71 MNF-EFF CR-D-sig 0.88 50.64 4.22 
Crude Protein (% of DM) NONE CR-D-sig 0.77 1.37 3.24 
n=46 MNF R-sig 0.76 1.43 3.13 
IQ range=4.46 MNF-EFF CR-D-sig 0.80 1.31 3.40 
Digestibility (% of DM) NONE R-sig 0.82 2.58 2.91 
n=46 MNF R-D-sig 0.86 2.28 3.30 
IQ range=7.51 MNF-EFF DEP-D-sig 0.84 2.45 3.06 
Lignin (% of DM) NONE BNA-sig 0.47 2.94 1.33 
n=46 MNF CR-D-sig 0.46 3.09 1.27 
IQ range=3.91 MNF-EFF CR-D-sig 0.39 2.97 1.32 
Cellulose (% of DM) NONE R-D-sig 0.75 3.11 1.80 
n=46 MNF R-sig 0.68 3.38 1.65 
IQ range=5.58 MNF-EFF R-sig 0.68 3.37 1.65 
The best models for water and crude protein were based on the CR-D-sig transform and 
MNF-EFF treatment However, the first derivative transform (R-D-sig) produced the best 
results for both digestibility and cellulose although for different treatment versions (MNF and 
NONE). For chlorophyll the best model was also based on no post atmospheric treatment 
(NONE) but with the DEP-D-sig transform, which performed best for all three treatments.  
Plots of predicted versus measured attribute values showed varying patterns for the different 
attributes. The tightest data clouds along the regression lines and smallest deviations from the 
1:1 relationship line are for water and digestibility (Figure 115b and Figure 115d) also 
reflected by correlations of 0.88 and 0.86 respectively.  
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a) chlorophyll (Hyperion image spectra)        b) water (Hyperion image spectra) 
    NONE and DEP-D-sig         MNF-EFF and CR-D-sig 
  
c) crude protein (Hyperion image spectra)      d) digestibility (Hyperion image spectra) 
     MNF and CR-D-sig         MNF and R-D-sig 
  
e) lignin (Hyperion image spectra)         f) cellulose (Hyperion image spectra) 
     NONE and BNA-sig              NONE and R-D-sig 
  
Figure 115 Plots of PLSR prediction results for the best Hyperion models (post-atmospheric treatment and 
spectral transform). a) chlorophyll (NONE and DEP-D-sig), b) water (MNF-EFF and CR-D-sig),  
c) crude protein (MNF-EFF and CR-D-sig), d) digestibility (MNF and R-D-sig), e) lignin (NONE and 
BNA-sig), f) cellulose (NONE and R-D-sig) 
The crude protein result was lower with 0.80 and a larger spread of the data points, followed 
by chlorophyll with 0.79 where the latter plot pattern shows a more uneven distribution across 
the range. The best cellulose correlation was 0.68 with a larger deviation from the 1:1 line and 
for lignin it was 0.47 with the lowest apparent correlation of all attributes. 
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7.2.3 Comparison of sensitive wavelengths for image spectra 
PLSR X-loadings were used to identify sensitive wavelengths for the best HyMap (all 
samples and Dec-2000) and Hyperion models (section 6.4.4). The comparison was limited to 
crude protein, digestibility and cellulose. Scatterplots were constructed for the PLSR model 
X-loadings for each PLS principal components (PCs) displayed in different colours with 
arrows highlighting wavelengths with a possible physical relationship to the attribute. Figure 
116 to Figure 118 show that there were a few consistent wavelengths identified, although 
there was considerable variation between the three data sets for all three attributes. All X-
loadings, except for the two HyMap data sets, were based on significant wavelengths (-sig) as 
identified by Marten’s Uncertainty test in Unscrambler. 
For crude protein and both HyMap data sets the SWIR2 region showed high X-loadings for 
all PCs (Figure 116 a and b). The highest loadings with relationship to protein/nitrogen 
absorbance were centred at 2130 nm, 2180 nm, 2274 nm and 2342 nm for HyMap-all spectra 
and 2054 nm, 2130 nm and 2240 nm for HyMap-Dec2000 spectra. For the Hyperion spectra 
(Figure 116 c), X-loadings for PC4 indicated sensitivity at 2168 and 2300 nm. In addition, 
1730 nm in SWIR1 was identified for HyMap-all, the red edge for HyMap-Dec2000 and 
Hyperion spectra, and 970 nm (water absorption) for HyMap-Dec2000 spectra.  
Both HyMap spectra sets were based on reflectance for digestibility (Figure 117 a-b). The 
high number of PCs contribute to the rather busy X-loading plots. However, in both, the 
region (1670–1680 nm) identified by Murray (1989) as sensitive to digestibility in NIRS of 
dried and ground temperate pasture samples relatively higher X-loadings for PC4 were 
achieved. 1690 nm was highlighted in the HyMap-Dec2000 spectra which is close to 1684 
identified as important by Smith, KF & Flinn (1991). The 660 nm (chlorophyll a absorption) 
was highlighted for both HyMap spectra sets; this was also reported by Smith, M-L, et al. 
(2003) for forest canopy nitrogen and AVIRIS data. 2100 nm, the centre of cellulose 
absorption was also picked for the two HyMap data sets, albeit not as obvious for HyMap-
Dec2000. Wavelengths in the red edge and the protein related 1690 nm and 2168 nm were 
highlighted for the Hyperion spectra (Figure 116 c).  
A few significant wavelengths were highlighted that relate to cellulose absorption for the 
cellulose based models (Figure 118 a-c). These included 1736 nm and 2100 nm, for HyMap-
all, 2230 nm for HyMap-Dec2000 and Hyperion, and 1780 nm also for Hyperion spectra. For 
HyMap-Dec2000 and Hyperion wavelengths relating to chlorophyll absorption and red edge 
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changes also had higher loadings. The reason for this is unclear but could be related to the 
negative correlation between the two attributes.  
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a) HyMap-all  
 
crude protein 
 
 
 
 
 
MNF_EFF 
 
CR-D-sig 
 
b) HyMap-
Dec2000 
crude protein 
 
 
NONE 
 
R-D-sig 
 
c) Hyperion 
 
crude protein 
 
 
 
MND-EFF 
 
CR-D-sig 
Figure 116 PLS PC X-loadings plots for the best PLSR models for crude protein for  
a) HyMap-all b) HyMap-Dec2000 c) Hyperion. Physically based wavelengths are marked with arrows. 
Post atmospheric correction version and transform is shown to the right of the plots.
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a) HyMap-all 
 
digestibility 
 
 
 
MNF 
 
R 
 
b) HyMap-
Dec2000 
 
digestibility 
 
 
 
MNF 
 
R 
 
c) Hyperion 
 
digestibility 
 
 
 
MNF 
 
R-D-sig 
Figure 117 PLS PC X-loadings plots for the best PLSR models for digestibility for a) HyMap-all  
b) HyMap-Dec2000 c) Hyperion. Physically based wavelengths are marked with arrows. Post 
atmospheric correction version and transform is shown to the right of the plots.
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a) HyMap-all 
 
cellulose 
 
 
 
NONE 
 
DEP-D-sig 
 
b) HyMap-
Dec2000 
 
cellulose 
 
 
 
NONE 
 
CR-D-sig 
 
c) Hyperion 
 
cellulose 
 
 
 
NONE 
 
R-D-sig 
Figure 118 PLS PC X-loadings plots for the best PLSR models for cellulose for a) HyMap-all  
b) HyMap-Dec2000 c) Hyperion. Physically based wavelengths are marked with arrows. Post 
atmospheric correction version and transform is shown to the right of the plots. 
  304 
7.2.4 Predicting pasture quality from HyMap and Hyperion spectra  
The effects of capture scale on the relationship between pasture quality data and canopy 
spectral data closely relate to differences in spectral, radiometric and spatial resolutions of the 
spectrometer data.  
The prediction models derived from the synthetic HyMap and Hyperion spectra (based on 
resampled in situ ASD spectra) provided an opportunity to test whether aspects of the 
relationship between field spectra and assay data present in the models would be relevant to 
the relationship between imaging spectrometer spectra and corresponding pasture assays.  
Some of these prediction models were therefore applied to HyMap and Hyperion image 
spectra. They were tested only in a limited sense by using the best model for digestibility 
based on all samples and in situ ASD spectra (R-sig), as determined by PLSR (section 6.4.3). 
The reasons for this choice was that this data set covered the maximum attribute range which 
was deemed most appropriate for the assays corresponding to the HyMap image spectra and 
that digestibility was the best performing pasture attribute after water (Table 67), and an 
essential pasture quality attribute. In addition, a model based on the best performing sample 
subset ASD-2002 and Hyperion image spectra for crude protein was trialled. This subset was 
considered the most similar to the sample assays corresponding to the Hyperion spectra and 
crude protein had produced the second best results in the PLSR analysis (Table 70).  
Prediction results for HyMap image spectra 
PLS models for all attributes based on reflectance using only significant variables (R-sig) 
were used to predict attribute values from the HyMap-all combined image reflectance spectra 
and these were compared to corresponding measured values using simple least squares 
analysis (Table 71).  
Table 71 Prediction statistics using a model based on ASD-all spectra resampled to HyMap band passes to 
predict attributes from HyMap MNF-EFF reflectance spectra (combined data set). IQ range is the 
interquantile range (20,80) of the actual corresponding sample values. 
Pasture attribute 
 
Correlation 
R 
RMSEP Bias Bias, % of 
RMSEP 
IQ range (20, 80) 
Chlorophyll (mg/g), n=34 0.45 0.39 -0.32 82 0.32 (0.15, 0.47) 
Water mass (mg/g), n=56 0.76 119.64 12.00 10 389.03 (272.88, 661.90) 
Crude protein (% of DM), n=72 0.40 8.05 -7.32 91 7.10 (5.51, 12.67) 
Digestibility (% of DM), n=72 0.83 6.73 0.53 8 20.03 (45.10, 65.13) 
Lignin(% of DM), n=72 0.47 2.15 0.57 27 4.73 (3.65, 8.38) 
Cellulose (% of DM), n=72 0.77 4.19 -2.13 51 7.47 (27.78, 35.25) 
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In addition to correlation R, RMSEP, the prediction bias and the ratio of the bias to RMSEP 
were included in the result table. The former is the estimated average difference between 
measured and spectra predicted values and the latter gives a relative measure for comparison 
between attributes and the results from the Hyperion image spectra prediction. A large bias 
compared to the RMSEP indicates models with limited predictive capacity (Smith, KF & 
Flinn 1991). The IQ range was included to provide additional context for the RMSEP values. 
Only water and digestibility predictions showed low bias relative to the RMSEP, with crude 
protein and chlorophyll with bias values nearly as large as the RMSEP.  
The scatter plots of predicted versus actual attribute values in Figure 119 a–c, show the 
spreads of data values around the regression lines, illustrating the rather large prediction 
errors.  
a) chlorophyll          b)  water    
       
c) crude protein           d) digestibility    
        
e) lignin             f) cellulose    
        
Figure 119 Prediction results from using PLS model based on ASD-all (HyM bin) and HyMap-all R spectra 
(MNF-EFF). a) chlorophyll, b) water, c) crude protein, d) digestibility, e) lignin, f) cellulose 
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These plots also show the relative better performance of water and digestibility, with 
comparatively narrower clustering and slopes closer to the 1:1 line and correlations of 0.83 
and a RMSEP of 6.73, and 0.76 and 119.64 respectively. The results suggest some 
applicability of the ASD derived PLS model for prediction of digestibility and water using the 
HyMap spectral data. For cellulose the correlation was 0.77 and RMSEP 4.19. However, the 
negative bias (-2.13) and size compared to the RMSEP (51%) suggests that there is really no 
suitability of the model to predict cellulose values. The IQ ranges for digestibility and water 
are relatively large, which may help explain their better performance. In addition, the 
prediction of negative values (negative bias) for chlorophyll, crude protein and cellulose and 
low correlation for lignin confirms the unsuitability of the ASD based models for these data. 
In summary, the results suggested some capacity for the ASD based models to predict useful 
values from the HyMap image spectra only for water and digestibility. 
Prediction results for Hyperion image spectra  
Hyperion image spectra were also used to test calibration equations developed using ASD 
spectra resampled to the Hyperion image band pass function. PLSR results for the subset 
ASD-2002 samples (6.4.3) had shown that no transform performed substantially much better 
than any other across the attributes. Therefore the first derivative reflectance (R-D) was used 
for testing of predictive capacity as it generally produced reasonable models for digestibility, 
water and crude protein. These PLS models were used to predict values from the Hyperion 
image R-D spectra (MNF-EFF treatment) and these were compared to measured values using 
simple least squares analysis (Table 72). Some sensitivity was observed to be present for 
water (correlation 0.83, RMSEP 68.87), crude protein (correlation 0.69, RMSEP 1.01) and 
chlorophyll (correlation 0.76, RMSEP 0.24).  
Table 72 Prediction statistics using a model based on in situ ASD-2002 spectra resampled to Hyperion band pass 
to predict Hyperion MNF-EFF R-D spectra. IQ range is the interquantile range (20,80) of the actual 
corresponding sample values. 
Pasture attribute Correlation 
R 
RMSEP Bias Bias, % 
of 
RMSEP 
n IQ range (20, 80) 
Chlorophyll (mg/g) 0.76 0.24 0.20 83 45 0.30 (0.09, 0.40) 
Water mass (mg/g) 0.83 68.87 31.68 46 48 213.71 (457.71, 671.42) 
Crude protein (% of DM) 0.69 1.88 1.01 54 46 4.46 (6.68, 11.14) 
Digestibility (% of DM) 0.45 9.73 -3.93 40 46 7.51 (55.93, 63.44) 
Lignin (% of DM) 0.14 4.17 -2.33 56 46 3.91 (4.75, 8.66) 
Cellulose(% of DM) 0.33 6.84 -5.27 77 46 5.58 (22.09, 27.67) 
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However, the interpretation of these results is not straight forward, especially for chlorophyll, 
which surprisingly showed slightly better correlation 0.76 than for full crossvalidation of the 
Hyperion image spectra, 0.74. The RMSEP is however double, 0.24 versus 0.12, and close to 
the IQ range of 0.30. The digestibility results indicated relatively less reliable results than for 
crude protein. This is in contrast to the results from the prediction of the HyMap image 
spectra but similar to the PLSR results from using full cross validation of the Hyperion image 
spectra with these two attributes. The bias/RMSEP ratios for all the attributes are much higher 
compared to corresponding values from the HyMap image spectra analysis indicating an even 
more limited portability of the ASD models for the Hyperion data. The plots of predicted 
versus actual values illustrate the limitations of the obtained results quite clearly (Figure 120 
a–f).  
a) chlorophyll             b) water    
       
c) crude protein             d) digestibility    
        
e) lignin               f) cellulose    
       
Figure 120 Prediction results from using PLS model based on ASD-2002 (Hyp bin) and Hyperion R-D spectra 
(MNF-EFF). a) chlorophyll, b) water, c) crude protein, d) digestibility, e) lignin, f) cellulose 
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The data clouds surrounding the regression line are closer and points more evenly distributed 
for chlorophyll, water and crude protein (Figure 120a, b and c). For digestibility the plot 
shows, despite only a small offset from the 1:1 line, a data cloud very dispersed around the 
regression line (Figure 120d). For lignin and cellulose the plots show limited relationship 
between predicted and measured values (Figure 120e and f). The reason for the relatively 
poorer performance for the Hyperion predictions compared to HyMap is unclear. The pasture 
samples corresponding to ASD-2002 spectra were assumed to be similar to those 
corresponding to the Hyperion image spectra. However, the assay results for the latter showed 
for example that IQ (20) for water and crude protein were quite a bit lower and IQ (80) quite a 
bit higher, which could have degraded performance. 
7.3 Comparison of results from the imaging spectrometers 
Visual comparison of ASD and Hyperion spectra of corresponding geolocations (Pd 22 and 
Pd 68) had shown similarities between walking average ASD spectra and Hyperion spectra 
for these locations. For both locations, the shape of the curves in the VIS between 550 and 
800 nm were obviously similar when overlaying the ASD and Hyperion spectra. This was 
also the case for the absorption features at 1200 nm and 2100 nm although for these features 
albedo differences were quite evident. However as no coincident HyMap images were 
available the comparison of the three sources is limited to comparison of PLSR results. 
If the correlations, R, and RMSEPs from PLSR for the main types of spectra, and relative 
errors based on CV (IQ range/RMSEP) are compared for the best models a general trend is 
obvious. Table 73 shows that the HyMap-all dataset produced the highest CV values for the 
attributes where assay data were available from March 2001, (i.e. crude protein, digestibility, 
lignin and cellulose) for all but cellulose.  
The qualitative predictive capacity as indicated by a CV value >4.1 was achieved for all five 
models for water, for all but ASD-2002-HyM-bin and Hyperion image spectra for digestibility 
and, for the HyMap-2000 image spectra for crude protein. Only the ASD-2002-Hyp-bin 
spectra reached this level for cellulose. For chlorophyll the CV values were all slightly lower, 
with the ASD versions all producing higher CVs than the HyMap-2000 and Hyperion image 
spectra. However, the RMSEPs were higher (and correlation lower); possibly partly a result of 
the wider interquantile range of the ASD sample sets. For water, the highest CV (8.25) is 
produced for the HyMap-2000 model but RMSEP is higher than for all ASD versions.  
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Table 73 Comparison of PLSR statistics from in situ spectra (ASD), resampled in situ spectra (ASD-bin), 
HyMap image spectra and Hyperion image spectra, using the best models. IQ range is the interquantile 
range (20,80). CV is IQ range/RMSEP. –sig indicates model derived from significant X-variables. The 
transform and results for the best performing version is marked in bold for each attribute. CV’s >4.1 
are marked with grey shading. 
Attribute Spectra type Transform 
(model) 
R RMSEP IQ range CV 
Chlorophyll ASD-2002 R-D-sig 0.87 0.15 0.60 4.04 
(mg/g) ASD-2002-HyM bin LOG1R-D-sig 0.84 0.16 0.60 3.74 
 ASD-2002-Hyp bin LOG1R-D 0.83 0.17 0.60 3.52 
 HyMap-2000 (NONE) DEP-D 0.74 0.12 0.32 2.72 
 Hyperion (MNF-EFF) CR-D-sig 0.74 0.12 0.30 2.45 
Water mass ASD-2002 R-D-sig 0.96 42.11 282.63 6.70 
(mg/g) ASD-2002-HyM bin CR-D-sig 0.97 35.86 282.63 7.87 
 ASD-2002-Hyp bin CR-D-sig 0.96 38.65 282.63 7.30 
 HyMap-2000 (HYCORR-EFF) CR-D-sig 0.96 47.14 389.03 8.25 
 Hyperion (MNF-EFF) CR-D-sig 0.88 50.64 213.71 4.22 
Crude 
Protein 
ASD-2002 BNA-sig 0.80 3.18 7.79 2.45 
(% of DM) ASD-2002-HyM bin DEP-D 0.88 2.58 7.79 3.02 
 ASD-2002-Hyp bin DEP-D-sig 0.85 2.83 7.79 2.76 
 HyMap-all (MNF-EFF) CR-D-sig 0.92 1.41 7.10 5.03 
 HyMap-2000 (NONE) R-D-sig 0.87 1.44 4.54 3.15 
 Hyperion 2002 (MNF-EFF) CR-D-sig 0.80 1.31 4.46 3.40 
Digestibility ASD-2002 DEP-D-sig 0.91 3.94 18.39 4.67 
(% of DM) ASD-2002-HyM bin R-sig 0.88 4.55 18.39 4.04 
 ASD-2002-Hyp bin R-D 0.89 4.45 18.39 4.13 
 HyMap-all (MNF) R 0.96 2.71 20.03 7.32 
 HyMap-2000 (MNF) R 0.91 2.42 10.16 4.20 
 Hyperion (MNF) R-D-sig 0.86 2.28 7.51 3.30 
Lignin ASD-2002 LOG1R-D-sig 0.68 1.87 3.06 1.63 
(% of DM) ASD-2002-HyM bin R-sig 0.56 2.10 3.06 1.46 
 ASD-2002-Hyp bin R-sig 0.57 2.10 3.06 1.46 
 HyMap-all (MNF-EFF) LOG1R-D-sig 0.90 1.01 4.73 4.70 
 HyMap-2000 (HYCORR-EFF) BNA-D-sig 0.86 0.95 3.15 3.31 
 Hyperion (MNF-EFF) CR-D-sig 0.46 2.97 3.91 1.32 
Cellulose ASD-2002 BNA-sig 0.87 2.37 8.61 3.63 
(% of DM) ASD-2002-HyM bin LOG1R-D-sig 0.91 2.36 8.61 3.65 
 ASD-2002-Hyp bin CR-D-sig 0.91 2.00 8.61 4.30 
 HyMap-all (MNF-EFF) R-sig 0.92 1.93 7.47 3.86 
 HyMap-2000 (NONE) CR-D-sig 0.76 1.17 2.93 2.50 
 Hyperion (NONE) R-D-sig 0.75 3.11 5.58 1.80 
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On the other hand the higher CV values for the image versions for crude protein cannot be 
explained solely by the interquantile range as the RMSEPs genuinely seem lower than for the 
ASD versions, exemplified by the range for the HyMap-all being close to the ASD versions. 
A similar pattern is present for digestibility with the lowest RMSEP for the model based on 
Hyperion spectra. Therefore it is important that these values are compared to the interquantile 
ranges to provide a measure of relative errors. Furthermore, any attempts to use these models 
to predict independent data may be limited to the respective ranges. 
The PLSR models based on the combined HyMap image spectra and lignin produced statistics 
that indicated some predictive capacity but given the results from the visual inspection of the 
model plots of predicted versus measured, limited confidence in these results can be gained 
and unlikely that any of the models would be useable for prediction.  
Of the thirty-four transforms representing the best models for the spectra versions for all the 
attributes, 10 were CR-D versions, indicating a generally enhancing effect of continuum 
removal and derivatisation. It should also be noted that, in contrast to ASD-2002 spectra 
resampled to image band passes, image reflectance spectra (R) produced competitive models. 
However, for the models with a CV greater than 4.1 the CR-D models dominate for water and 
reflectance for digestibility. 
Confidence intervals for predicted values are as a rule of thumb given by +/- 2 (1.96) x 
RMSEP (Martens & Martens 2001), i.e. an approximate 95% confidence interval for a 
predicted value. The RMSEP (3.94) resulting from the best PLSR model for ASD in situ 
spectra consequently produces a confidence interval of +/- 7.9% digestibility (of DM). If this 
is applied to the full range 44.99–85.56 (40.57) of the corresponding measured samples this 
would mean ~40% of the range. If the RMSEP from the HyMap-all image spectra version is 
used the result is improved. A confidence interval +/- 5.3 % digestibility applied to its range, 
35.88–71.35 (35.47), produces a confidence interval equal to ~30%. In contrast, if a 
confidence interval of +/- 4.8%, resulting from the HyMap-Dec2000 spectra, is applied to the 
range 45.23–71.35 (26.12), the interval is ~37% of the range. For crude protein the 
corresponding value for the only model with a CV indicating some predictive capacity 
(HyMap-all data) and for cellulose (ASD-2002 subset, HyMap band pass), these values 
correspond to ~42% of the assay ranges. In comparison, for the best performing attribute 
water, and the subset producing the lowest RMSEP, the ASD-2002 (HyMap band pass), a 
confidence interval of +/- 2 x 35.86 mg/g water applied to the subset range 342.75–898.92 
(556.17) equals ~25% of the range.  
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The plots of X-loadings for the in situ spectra (Figure 108 to Figure 110) and the image 
spectra (Figure 116 to Figure 118) showed a rather large variation of wavelengths highlighted 
as sensitive in the PLSR models, both between in situ and image spectra but also across the 
spectral data sets and within the three attributes tested. However, for crude protein 1730 nm 
and 2240 nm, as well as red edge wavelengths had high loading values for both in situ and 
image spectra. For digestibility wavelengths around 1690 nm, 2260–2280 nm, and again the 
red edge, were important. 2100 nm and 2230 nm were the main physically based wavelengths 
in common between the models for cellulose. 
7.4 Discussion and conclusions 
The results from partial least squares analysis (PLSR) analysis of the relationship between the 
imaging spectrometer data (HyMap and Hyperion) and corresponding assay data for 
temperate pasture quality attributes showed that performance of prediction models varied 
depending on attribute, spectrometer, post-atmospheric treatment and transformation. For the 
HyMap data differences were also shown using all available samples across images/study 
sites/time compared to restricting analysis to samples from December 2000. In general 
stronger relationships were shown for HyMap data compared to Hyperion data although 
different factors such as more limited attribute ranges and uncertain locations of some of the 
pasture samples for the Hyperion data are likely to have contributed that do not reflect 
differences in the performance of the spectrometers. 
The relative performance of the PLSR models for the six attributes chlorophyll, water, crude 
protein, digestibility, lignin and cellulose showed some similarities to the results from the 
analysis of the ASD in situ spectra. For water and digestibility the lowest relative prediction 
errors were produced but also crude protein showed potential for feed based applications. The 
results for the carbon related anti-quality attributes lignin and cellulose showed less inherent 
capacity for accurate predictions, also in line with previous findings from analysis of the in 
situ spectral data. 
The relative relationship between attributes was more or less maintained also in the results 
from the analysis of the portability to the imaging spectrometer data of a few select models 
based on ASD spectra. Again, this test showed better potential for the HyMap data than using 
Hyperion spectra although the prediction errors were overall rather large. 
The comparison between the results for the best models for the three ASD in situ spectra 
versions, the two HyMap data sets and the Hyperion spectra suggested that the spectral 
sensitivity as indicated by RMSEP, correlation and CVs (ratio of RMSEP to Interquantile 
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range) of the HyMap data was more than comparable to that shown for the ASD data. Some 
wavelengths/wavelength regions with a physical relationship to crude protein and digestibility 
that had been identified as important by the best performing models were in common to the 
three types of spectrometers. This suggested that spectral relationships can be sustained when 
scaling up. 
However, non quantifiable factors such as differences between the study sites, capture times 
and data capture strategies meant that the comparison of the results (PLSR statistics) for the 
best models from the three spectrometers can only provide general notions regarding their 
relative performance. 
The interpretation of the prediction errors and comparison to currently used feed quality levels 
suggest potential for the use of hyperspectral remote sensing to produce needed data on the 
spatial distribution of pasture quality parameters such as crude protein and digestibility. 
However, the research data were unable to support procurement of data on pasture carbon 
content although some sensitivity was noted. Further research using consistent spectral 
sampling techniques and use of sample locations with higher positional certainty could 
perhaps together with novel noise reduction techniques (such as wavelet analysis) improve 
these results to levels suitable for carbon modelling. 
HyMap spectra analysis 
Specifically the results from the analysis of the image spectra from the four HyMap images 
had suggested groupings of the sample populations according to the image relating to pasture 
maturity and senescence. This was most evident for the March 2001 spectra from the HyMap 
image of the Hamilton Long Term Phosphate Experiment (LTPE) and assay results had 
shown the corresponding pasture sample values to be placed at the ends of the attribute 
ranges.  
The scatter plots of predicted versus actual values showed for lignin a clear separation of the 
Vasey and LTPE images with little sensitivity within their respective data clouds, for 
cellulose only the LTPE data showed a similar lack of inherent sensitivity. This was also 
shown using plots of scores for combinations of the PLS principal components. However, the 
relative difference between the sites produced regression results that show a high predictive 
capacity. This type of effect for some site clusters was also observed in plots from a study by 
Kokaly & Clark (1999, p. 279), for lignin and cellulose regression although it is not 
commented on by the authors.  
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For digestibility and crude protein the separation of samples was less evident and hence the 
PLS models for these two attributes should be more reliable. To make results comparable 
across all six attributes the LTPE data were excluded and a subset for only the December 
2000 spectra created (HyMap-Dec2000). The CVs calculated for this subset were lower for 
the four attributes that could be compared mainly because of narrower interquantile ranges. 
The CVs produced for the combined HyMap spectra (HyMap-all) were well above the 4.9 
value indicated for quantitative predicted capacity for crude protein and digestibility but these 
values were not sustained for the reduced data set and only for digestibility did it reach the 
level indicated for qualitative predictive capacity, 4.1. 
Post-atmospheric treatments produced improved model performance for both HyMap and 
Hyperion image spectra for all attributes but chlorophyll and cellulose. Some limited 
differences between the two HyMap data sets were observed but in general performance was 
enhanced, especially by MNF noise reduction. This was expected as it has been observed by a 
number of researchers (Datt et al. 2003b; Green, AA et al. 1988; Vermillion & Sader 1999). 
Transform groups also influenced results for crude protein and digestibility, with full 
spectrum transforms enhancing results. Especially full spectrum versions of MNF enhanced 
data produced better results for crude protein, digestibility and cellulose. Continuum removed 
first derivative spectra dominated the best models indicating a positive effect from this 
treatment. The improved performance for this derivative transform could therefore be the 
result of the reduction of some of the differences between the HyMap images as both 
continuum removal and derivatisation is known to remove spectral differences due to albedo 
levels and background influence. 
Hyperion image spectra analysis 
The results from PLS regression using crossvalidation with Hyperion image spectra and 
pasture attributes showed a similar pattern between attributes as for the HyMap image spectra, 
with PLS statistics indicating best performance for water, followed by crude protein, 
digestibility, chlorophyll, cellulose and lignin. Only the models for water could be considered 
having qualitative prediction potential (CV>4.1). In a relative sense results indicated that 
post-atmospheric treatments enhanced the performance for all attribute models but cellulose, 
which was also more or less consistent with the HyMap results. However, the strength of the 
relationships derived was rather low, hence conclusions regarding effects of post-atmospheric 
treatments and transformation need to be drawn with caution. Locational error of the 
Hyperion sampling sites originating both from the georegistration process and the field 
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sampling process may in addition to lower SNR have contributed to the observed weaker 
relationship compared to the HyMap data which had been sampled on better identified 
transects. 
Wavelengths/regions of spectral sensitivity  
Both PLSR X-loadings and regression coefficients have been used to identify wavelengths 
and/or wavelength regions of importance to models derived between spectrometer data and 
vegetation parameters such as nitrogen concentration in forest canopy data (Smith, M-L et al. 
2003), nitrogen content in wheat (Morón et al. 2007) and to detect disease affected celery 
(Huang, J-F & Apan 2006). The comparison between HyMap-all, HyMap-Dec2000 and 
Hyperion X-loadings for the best models for crude protein, digestibility and cellulose showed, 
although there were variations, a few consistent wavelengths/regions for crude protein (1730 
nm, 2240 nm), digestibility (2260-2280 nm, 1680–1690 nm, 2100 nm) and cellulose (2100 
nm and 2230 nm) consistent with findings from other research. Also, wavelengths relating to 
chlorophyll including the red edge were identified as important for crude protein and 
digestibility, which is reasonable given the relationship between chlorophyll-nitrogen and 
protein.  
Prediction of HyMap and Hyperion image spectra using ASD resampled models  
Prediction of HyMap image spectra using models derived from ASD-2002 spectra resampled 
to the imaging spectrometer band passes showed that there were some aspects of the 
relationship between pasture quality and the spectrometer data that were maintained across 
capture scales. Although the RMSEPs were large there was a significant correlation shown 
between predicted and measured values for water, digestibility and cellulose. However, the 
conclusion must be that for the data available for this research the portability of ASD derived 
models to predict HyMap image spectra was limited.  
The results from prediction of Hyperion image spectra using models derived from binned 
ASD spectra from 2002 showed some significant correlations for chlorophyll, water and crude 
protein, but as for the HyMap predictions the prediction errors are large. In addition, the 
RMSEP prediction bias ratios suggested a relative better performance for predictions based on 
HyMap image spectra compared to Hyperion spectra. 
The results also suggested that the ASD based prediction equations used in this experiment 
inadequately modelled certain parameters in the pastures represented by the image spectra 
despite having the same spectral resolution. Two parameter types are plausible. Firstly, as the 
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ASD spectra were captured over pasture canopies somewhat different to those imaged by the 
HyMap and Hyperion sensors, bio-physical differences such as species composition, LAI, and 
canopy structure are likely to have contributed to the limited portability. Secondly, the various 
radiometric and spatial resolutions of the sensors would also cause variations decreasing 
portability. In addition, the available data (both spectral and pasture attribute data) had not 
been captured specifically to test PLS regression prediction models derived from in situ 
spectra on image spectra. Inherent pasture canopy differences between ASD spectra and 
image spectra become an issue of scale that could possibly be further tested by strategic 
application of the walking average method. The use of ASD in situ canopy spectra to develop 
models for testing/predicting attributes of pasture canopies from hyperspectral images might 
require that they are captured as averages over areas representative of image pixel sizes.  
Comparison of results from the imaging spectrometers 
The comparison of the results for the three ASD spectra versions (original ASD-2002 subset 
and HyMap and Hyperion band pass resampled) with the HyMap-2000 and Hyperion image 
spectra analysis, showed variation in the results across attributes. In summary, derived CVs 
for the best models using in situ and image spectra indicated qualitative predictive models for 
water for all five spectrometer data sets, for five of six for digestibility (all but Hyperion), one 
for crude protein (HyMap-all) and one for cellulose (ASD-2002-Hyp bin).  
For crude protein, digestibility, and lignin the HyMap-all dataset outperformed the others 
based on CVs. For water the highest CV were produced by the only HyMap data set (HyMap-
Dec2000). However, the conclusion that airborne HyMap data are superior to the other 
spectrometer data cannot be made as the interpretation of the results is confounded by 
inherent image, capture date and site/pasture maturity differences and the insights gained from 
the study of data plots. 
In addition, the sensitivity of the cellulose assays to spectral data was more limited for the 
imaging spectrometers (if discounting the combined HyMap spectra) than for the ASD in situ 
data. This is possibly due to the decrease in radiometric resolution as well as greater 
sensitivity to plant water masking the more subtle fibre absorption features in the SWIR 
regions, which also have lower SNR than shorter wavelengths. 
The ability of the HyMap pixel size of three metres to resolve changes across paddocks was 
specifically targeted with the intended capture airborne imagery of the paddocks of the 
Hamilton, Long Term Phosphate Trial (LTPE). As this capture did not eventuate only a 
subjective idea could be created from a visual inspection of enhanced March imagery of the 
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senescent paddocks. The spectral variation in Figure 121 a gives an indication of the variation 
present. The LTPE paddocks can be seen as narrow horizontal strips (~40 metres wide) to the 
left of the big ‘white’ paddock in the centre. 
a)               b) 
     
Figure 121 Spectral variation comparison between HyMap and Hyperion images. a) RGB HyMap March 2001  
b) RGB Hyperion January 2002 (R~2082 nm, B~1080.8 nm G~1645 nm, with histogram equalisation 
stretch)  
Given the size of most temperate pasture paddocks the Hyperion 30 metre pixel size should be 
adequate for variations in feed quality as it still provides information on within paddock 
variation and differences between paddocks (Figure 121 b). 
Implications of results from the analysis of image spectra 
Very few results on prediction of temperate pasture quality using canopy spectral data have 
been published to date. Schut et al. (2005a) showed results from prediction of nitrogen, 
digestibility, crude protein and fibres using in situ spectra in Dutch pastures with slightly 
better correlations and error values (RMSECV) half of those obtained for the best models in 
this research but their experiments were conducted with very high spatial resolution (0.2–0.6 
mm
2) measurements using a mobile spectrometer mounted one metre above the pastures and 
the study encompassed a large data set. Although not for temperate pastures, the results from 
the prediction of nitrogen from in situ grass swards in African tropical savannah produced 
comparable correlations but with smaller relative error (Mutanga et al. 2004b). Edirishinge et 
al. (2004) presented brief results in a one page summary listing very high R2 values (0.87–
0.99 for nitrogen and 0.89–0.99 for digestibility) for validated multi-linear regression models 
on pastures in Western Australia. A large variation (87–100%) were a explained by the 
models. Combined site data reduced the R2 values to 0.81 for nitrogen and 0.57 for 
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digestibility. No other statistics were provided making further assessment and comparison of 
these rather promising results possible. 
However, the interpretation of the prediction results cannot be limited to correlation, RMSEP, 
CVs and other statistics because it needs to take the application of the values into account. For 
example, the level of canopy N needed to distinguish between forest ecosystems in regards to 
their photosynthetic or productive potential is 0.5% N by dry mass (Gordon et al. 1998). A 
calculation based on the relationship between a common range of 2–3% forest canopy N and 
the required 0.5% needed gives for the research data with a range of 3–30% CP a minimum 
requirement of 6.7% CP to fulfil the same criterion. The lowest RMSEP (2.58 % CP) 
achieved for the models derived from the research ASD data was +/- 5.05%, nearly three 
times more than that required for forest ecosystems whereas from the HyMap image spectra 
this was +/- 2.8%, a value more on par with the forest required accuracy. These crude protein 
error levels and digestibility values of +/- 5.3% from the best PLSR model suggested that 
there is a potential to predict pasture quality levels from hyperspectral imagery useful for 
farmers of temperate pastures.  
Commonly used levels of digestibility for feed testing were listed in Table 1, section 2.3. 
Ideally prediction of these levels using hyperspectral data would be desirable. Confidence that 
the quality of the pasture reaches certain critical values is needed in order to know what type 
of livestock can be sustained by it or whether ameliorating measures need to be applied. The 
research results indicated that the achieved accuracies only allow qualitative prediction of 
values. However, the levels from FEEDTEST® for low, moderate and high quality (section 
2.3) infer that if spatial distribution of temperate pasture and digestibility in three classes, 
>72%, ~60–72%, <60% and crude protein values in two classes >10% and under 10%, could 
be predicted with some level of confidence, useful information would be procured. 
The comparison of results for the fibre (carbon) carrying pasture attributes lignin and 
cellulose showed uniformly rather low performance. One exception was for the ASD spectra 
resampled to the Hyperion band pass for cellulose. This result could be explained by the 
increase in SNR of the resampling but also suggests that the spectral resolution of the 
Hyperion sensor is adequate although the radiometric resolution or actual image SNR is still 
too low. For most of the pasture and spectra subsets a significant negative correlation between 
digestibility and cellulose had been shown (section 3.5). This relationship can potentially be 
utilised to provide estimates of carbon content in the absence of a strong direct relationships 
between pasture canopy spectra and pasture assays of lignin and cellulose. Consequently, this 
could provide useful data for carbon cycling modelling and up-scaling to regional levels.  
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CHAPTER 8  
DISCUSSION AND CONCLUSIONS 
8.1 Introduction 
In order to understand and be able to ameliorate the effects of human activities including 
climate change we need to understand and monitor changes to the earth’s functional 
ecosystems (National Research Council 2007). The demand for accurate information on the 
spatial distribution of vegetation parameters is therefore increasing rapidly. Airborne 
hyperspectral spectrometers have been shown to be able to procure a number of the required 
parameters and a number of recently proposed satellite based hyperspectral remote sensing 
missions are evidence of the urgent needs for data (HysPIRI, ENMap, see section 1.1). For 
temperate grazing enterprises in Victoria, Australia, there are growing demands of 
sustainability both from economic and environmental perspectives. Data on feed quality have 
been highlighted as naturally being next in line following developments that provide farmers 
with remote sensing based data on pasture feed quantity and growth estimates (Edirisinghe et 
al. 2004). Emerging tools to improve and support management decisions will require 
promptly delivered and reliable spatial data of key attributes showing the variation across 
farms and paddocks. Hyperspectral data, being synoptic and spectrally detailed, have the 
potential to provide the needed information. Experience and evaluation of data capture and 
emerging methods for a range of applications are urgent in order to ensure that we have 
working methods to optimise the value when data from future hyperspectral sensors become 
available. The research described in this thesis contributes to this development by providing 
further understanding of the relationships between spectrometer data and temperate pasture 
quality attributes, and issues related to working with these in an application environment.  
The research results have confirmed that qualitative measurements of temperate pasture 
quality can be derived from spectrometer data, but standard errors-confidence intervals-
sensitivity varies between quality attributes due to spectral noise and inherent resolvability of 
key absorption features, although improvements can be obtained using a variety of 
mathematical transforms.  
This final chapter evaluates the results from the research by discussing the findings and 
formulating final conclusions. It relates the research results to the aim and includes specific 
discussions of the meaning of the results in a few separate sections; (8.2) Methods to describe 
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relationships between pasture quality attributes and in situ spectra; (8.3) Regions of spectral 
sensitivity; (8.4) Relationships between image and in situ spectra. These sections are followed 
by a discussion of the implications of the research for feed assessment, C cycling, ecosystem 
functioning (8.5), all forming the basis for the conclusions drawn (8.6).  
8.2 Methods to describe the relationship between spectral data 
and pasture quality attributes 
The research showed that in situ captured spectra of diverse standing pasture canopies and 
plant sample assays can be used to calculate estimates of different levels of temperate pasture 
quality attributes with reasonable confidence. The extent varied with the analysis method used 
and across attributes, spectral transformations and subsetting of samples.  
The best performing attribute was water mass (mg/g) regardless of transforms and subsets. 
This was expected as water has large absorption features across the monitored spectral region. 
This result confirms that general relationships between spectral data and sample assays are 
present. The second best attribute across transforms and subsets was digestibility (% of DM). 
The implications of this result are promising as this is one of two major attributes used for 
pasture quality determination by the temperate grazing industry. Both SMLR and PLSR 
analysis indicated this capacity for digestibility. The relative error measure or coefficient of 
variation (CV, based on the interquantile range/RMSEP) for digestibility using all available in 
situ samples and spectra produced a value (3.91) somewhat lower than the that recommended 
for qualitative predictive capacity (i.e. 4.1). This value was improved using the modified 
approach involving subsetting data according to inherent population groups mainly based on 
internal spectral sampling rate and capture method. For the best performing subset (ASD-
2002) the predictive capacity was clearly improved (CV=4.67). The RMSEP of this model 
(from full crossvalidation) was ~3.9, which with a 95% confidence interval is approximately 
40% of the data range indicating that a few levels of digestibility could be predicted with 
confidence. This means that the current few levels of digestibility used in feed testing have 
potential to be predicted using prediction models based on in situ captured spectra. The 
research showed a high correlation between water and digestibility assays. However, the 
wavelengths highlighted by PLSR analysis in higher order PLS components in the 
digestibility models indicated that there is a spectral relationship to digestibility that is 
independent of the correlation with water content. 
For crude protein the results were not as promising, with the CV for the best model from the 
ASD-2002 data set below qualitative predictive capacity but still with sensitivity to the 
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spectral data as determined by the PLSR statistics. With a 95% confidence interval around the 
RMSEP of 3.2, covering approximately 50% of the entire data range, only determination of 
high and low levels would be possible using the research data. However, in the December 
2000 sample data that contained legumes this limited range was extended, suggesting that an 
inclusion of spectra of temperate pasture where the subclover component is still viable might 
produce better working prediction models.  
Using the PLSR approach for the spectra derived from the HyMap and Hyperion images the 
relative performance of the two best attributes was maintained. Water showed very strong 
predictive capacity for all data versions and followed by the best digestibility models. 
Analysis of the HyMap image spectra indicated that the senesced samples from March 2001 
would boost the PLS regression statistics especially for lignin implying that caution in the 
interpretation of the results for lignin and perhaps cellulose is warranted. The effect was not 
as severe for the other attributes but in order to minimise effects of too heterogeneous 
populations, analysis was also conducted with this subset removed. The results again 
indicated qualitative predictive capacity for digestibility (CV=4.2), with a model based on 
MNF enhanced reflectance. Again crude protein showed more limited predictive capacity.  
However, for digestibility and crude protein plots of predicted versus measured values had 
indicated only limited artificial effect of the LTPE data values. The results for the combined 
samples corresponding to the HyMap image spectra producing models with high CVs 
therefore suggested a possibility for predicting levels of pasture quality useful to the grazing 
industry. For Hyperion image spectra the relative performance was different with crude 
protein showing second best performing models (after water) followed by digestibility but 
with CVs below 4.1 suggesting that factors such as spectrometer SNR and uncertain 
geolocation of some samples could be degrading the relationships. 
8.2.1 Comparison of SMLR and PLSR 
Of the two main methods investigated for the analysis of pasture quality attributes and in situ 
ASD spectra, SMLR and PLSR both indicated the same relative performance with water 
content providing the strongest links to spectra, followed by digestibility. However, PLSR 
was deemed likely to provide a more honest indication of the predictive capacity of models of 
the relationship between the spectral transformations and the pasture quality attributes. This 
notion is based on both the fact that SMLR results seemed somewhat inflated when 
comparing adjusted R2 and that PLSR better is probably better suited to spectrometer data 
than SMLR as it is based on 20 years of spectroscopic method development. However, SMLR 
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was shown to be a useful investigative tool as it provided insight into the relative performance 
of attributes and helped identify spectral regions of sensitivity to pasture attribute data. 
Both SMLR and PLSR can be used to identify the most relevant and important variables 
(wavelengths) and base the calibration/prediction equations on these variables only. This can 
be seen as the preferred approach when in doing so the cost of future measurements can be 
reduced (Naes et al. 2002). This is the case if we are to use and design scanners with a limited 
number of bands such as multispectral scanners or programmable flexible scanners. However, 
these wavelengths may not be quite stable with regard to methods and mathematical spectral 
treatments. 
8.2.2 Effects of transformations and post atmospheric treatments 
Both SMLR and PLSR results showed that transforming the reflectance spectra enhanced the 
derived relationships and predictive capacity judging by increases in R2 for SMLR, increase 
in CV and decrease in RMSEP for PLSR.  
Derivative transforms generally enhanced model performance using both SMLR and PLSR as 
did continuum removal. The difference between reflectance and transforms such as pseudo 
absorbance in their own right could not be considered as important. Especially the results 
from analysis of the image spectra showed that reflectance ‘as is’ could produce comparable 
results to the other transform although results from the in situ ASD-2002 spectra had 
indicated somewhat worse performing models based on reflectance.  
There was limited difference in results between continuum removed spectra, both for full 
spectrum transforms and spectra isolated to the six major absorption features and normalised 
to feature area/depths. The main advantages of continuum removal are reduction of effects 
from albedo differences and varying background in fractional canopies. This may only in a 
limited sense apply to the research data, which were dominated by optically dense canopies. 
Lignin models seemed to improve somewhat with absorption feature isolation, continuum 
removal and normalisation but no conclusions can be drawn given the very limited 
relationships between spectral data and lignin assays.  
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8.2.3 The modified approach 
Temperate pastures in Victoria can vary greatly at the same point in time in respect to 
biomass, species (including phenological state) and structure. Most of this variation is due to 
management differences resulting in pastures of different types such as unimproved and 
improved at dissimilar stages of growth. This presents a challenge when trying to use remote 
sensing to evaluate quality attributes across paddocks, farms and regions. Consequently one 
image flight line or scene at one date may cover pastures that show a large variation in 
spectral signatures.  
To be able to predict variation in quality attributes of interest for the grazing industry 
calibration equations/prediction models need to be based on as large variation as practical in 
order to be able make predictions of future unknown samples (Martens & Martens 2001) and 
to extend prediction to cover large spatial areas with some confidence.  
A high diversity of the entire combined sample set corresponding to the ASD in situ spectra 
was observed from the distribution statistics of the six pasture quality attributes. The 
interpretation of the actual diversity reflected by the spectral data is more complex as it to a 
certain degree includes effects from both a high variation in canopy structure of weeds and 
pasture plants, and a large variation in phenological status, as well as differences in spectral 
sampling methods such as internal sampling rates and capture methods (single point or 
walking averages). 
Some researchers have reported the effect of choice of samples on results, for example 
Mutanga et al. (2004b) who showed improved results when separating samples on species 
groups from African savannah grasslands. The analysis of the sample grouping matrix 
suggested potential influence from differences such as level of greenness and species types, 
but more so capture method. The subsetting of the in situ spectra into several discernable 
groups, showed that the subset (ASD-2002) captured during the two campaigns in 2002 
improved both SMLR and PLSR results for all attributes. This subset was dominated by 
spectra captured with the ‘walking integration’ method over relatively homogenous regions of 
interest and for which the ASD internal spectral sampling was higher than for the spectra 
captured in 2000. This method produced smoother spectra with reduced noise levels and 
hence improved SNR.  
The results also showed that more limited attribute ranges degraded results and predictive 
capacity which suggested that certain levels of diversity are needed based on inherent pasture 
differences on the one hand but on the other that these ideally need to be free from effects 
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such as variations in spectral sampling method. In addition, the results for the subset where 
weed spectra with canopy characteristics very dissimilar to grasses had been excluded 
produced a lesser improvement, inferring that this was not the major influence on results. 
The relative improvement in predictive capacity between ‘walking average’ spectra and part 
canopy spectra may be related to a suggestion that differences in water and nutrients are better 
resolvable at the whole plant canopy scales than at leaf or single plant levels as suggested by 
Asner et al. (2000), who had shown that tissue, canopy and landscape factors would affect 
reflectance at the pixel level to varying degrees depending on species composition and 
phenology.  
Sensitivity of spectrometric measurements to differences between integrated and spot 
measurements, were shown by Hostert et al. (2003) for different urban surfaces. When the 
research pasture ASD spectra captured by spot measurements were excluded from the 
integrated spectra an increase in accuracy of prediction was observed. This could 
consequently be attributed to the fact that the samples gathered for the latter may be more 
representative of the spectral signal than the samples gathered for spot measurements 
although averaging has been observed to reduce the size of some absorption features hence 
potentially minimising differences between samples and sensitivity to different level of 
pasture attribute content.  
The results from the modified approach highlight the need for a well structured approach to 
both spectral and attribute sampling with careful consideration of the application, and perhaps 
for the hyperspectral community to work towards a standardisation of specific approaches for 
spectrometer data capture. One such standard method to increase the possibility to transfer 
spectra between applications has been suggested by Pfitzner et al. (2006). 
8.3 Regions of spectral sensitivity 
The wavelengths established as related to biochemical absorption relevant to the research are 
listed in Table 132, Appendix N. However, in analysis of canopy spectra these wavelengths 
may move from their traditional positions defined by laboratory spectroscopy. This has been 
shown by researchers for different types of canopies (Curran et al. 2001; Kokaly 2001; 
Soukupova et al. 2002) and hence reporting in this thesis of the association between 
wavelengths and absorption features allowed for a distance interval to the established 
positions of +/- 10–20 nm.  
The wavelengths in the pasture canopy models identified as sensitive varied with methods 
(SMLR and PLSR), spectrometers, transforms and sample subsets for the six attributes. 
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However, specific wavelengths related to crude protein absorption, digestibility and cellulose 
absorption were shown to be consonant between capture levels. The variation in wavelengths 
identified as important therefore raises the issue of whether they actually need to be 
consistently selected and stable for prediction models to work and be of value in applications. 
In spectroscopy handbooks a physical relationship between spectral absorption features is 
highlighted as being desirable but stability of the wavelength selection between models is 
usually not discussed. In remote sensing research results are often judged based on stability of 
wavelength selections and the portability of models between vegetation types and sites. The 
similar predictive performance of models based on different spectral regions/wavelengths 
suggests that several models should be tested and prediction results need to be compared and 
perhaps combined to provide the best result for an application. Overlaps of the same 
biochemical ranges from several models could then be used to determine accuracy levels for 
the spatial distribution of various levels of the pasture attributes. 
For all attributes the wavelength regions identified as important contained wavelengths 
reported to have links to biochemical absorption either directly or indirectly related to the 
attribute. Both SMLR regression term wavelengths and PLSR X-loadings indicated this 
although the wavelengths were not consistent between the two methods and the selection was 
affected by spectrometer and spectral transform versions.  
Soukupova et al. (2002) noted shifts in the wavelengths selected with changes in lignin 
concentration depending on the attribute levels of the samples, confirming that when there is a 
change in attribute levels different wavelengths will dominate and hence cannot be assumed 
to be stable. This is possibly one of the reasons for the noted variations in the wavelengths 
identified by the best models for the three spectrometers. However, transformations and post-
atmospheric treatments are likely to enhance regions of spectral signatures in differently and 
hence a variation in wavelengths identified as important is logical. This suggests that some 
variation of wavelengths should be accepted as long as a number indicate physical 
relationships with the variable sought to predict. 
Pasture assay distribution statistics showed strong correlations between several of the 
attributes. This has implications for the interpretation of analysis of the sensitive wavelengths. 
A strong correlation means that there is higher risk that a model derived for the relationship 
between a pasture quality attribute and spectral data could partly describe a relationship 
between a correlated attribute and the spectral data. Furthermore the wavelengths selected as 
important might relate to absorption by a correlated attribute. This was shown to be the case 
for the five wavelengths selected for the best models from SMLR where all the best models 
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included wavelengths identified as related to absorption by correlated attributes (section 
6.3.2). 
The number of wavelengths deemed significant for a model by applying Marten’s jackknifing 
in PLSR and re-running the analysis consistently improved results. Consequently the 
important regions were greatly reduced and the analysis of these wavelengths made easier. 
Still, identified wavelengths included both those with a conclusive physical relationships with 
the attributes crude protein, digestibility and cellulose, and wavelengths of liquid water 
absorption regions and the red edge important for correlated attributes such as chlorophyll. In 
addition, wavelengths un-attributable were identified for all the best models. The relative 
better performance of full spectrum crude protein and digestibility models suggested that 
wavelengths not covered by the six major absorption features are important in spectra of 
temperate pasture canopies and were also confirmed by SMLR analysis selection of other 
legitimate absorption features/wavelengths as listed in Table 132, Appendix N.  
Further analysis and evaluation of specific absorption feature regions for the different pasture 
attributes could prove valuable. The results indicated a need for more detailed assessment of 
wavelengths just outside the major absorption features such as the shoulders of the second 
SWIR2 feature including other regions highlighted as sensitive but ‘unattributable’ for 
example 1600–1630 nm and the green “peak” around 550 nm. 
8.4 Relationship between in situ and image spectra 
Resource modelling and analysis are affected by issues relating to scale and it is increasingly 
recognised that comprehension of system processes and patterns can be improved using cross-
scale observations (Rietkerk et al. 2002). Spectrometer data captured at a range of scales 
provide an opportunity to further investigate these issues. The use of in situ spectra with high 
radiometric and spectral resolution concurrent with airborne and satellite imaging 
spectrometer in this research provided insight into multi-scale data capture issues. The 
capacity of the different spectrometer data to resolve sought parameters to find explanations 
to patterns observed at various scales including future sensor performance needs was also 
highlighted.  
Upscaling or downscaling will always produce data dissimilar to data actually captured at 
various scales and the thinking related to interpretation needs to take this into account. By 
comparing results from one scale to those of another can provide both a direct comparison of 
spectral signatures and show effects that relate to the different canopies viewed. Good 
correspondence between for example red edge parameters retrieved from ASD and Hyperion 
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spectrometer data, and very comparable signatures from common spectral targets was shown 
by Datt et al. (2003b). 
The challenge to compare data of different spectral and spatial resolutions includes taking 
most of the factors that affect the differences between scales into account, which is 
acknowledged as very difficult (Hostert et al. 2003; Mutanga 2004). The spectral 
homogeneity or heterogeneity of the canopies captured in the pixels or area imaged will vary 
with the spatial scales and spectrometer characteristics. To approach a greater similarity of the 
canopies imaged and improve comparison between the Hyperion spectrometer and the ASD, a 
‘walking average’ method of capture of in situ spectra of different types of pastures was 
employed. The positive results from the analysis of walking average spectra and pasture 
attribute assays in their own right suggested that further investigation into sensor and canopy 
differences using walking averages would be valuable for our understanding of scale transfer 
issues relating to temperate pastures. 
Two other factors likely to influence the capacity of imaging spectrometer data to resolve 
variation in bio-chemical levels at different scales include plant water and biomass variations. 
These effects were evaluated in this research in only a cursory sense because of a lack of 
appropriate number of samples across required ranges and because attribute values had been 
assessed on a concentration basis (e.g. mg/g, % of DM) rather than on a content basis such as 
mg/m2. Parameters such as leaf area index (LAI) and leaf inclination had not been measured 
for the pasture samples, hence no attempts to estimate pasture attribute variations from the 
spectra by inverting canopy radiative transfer models such as PROSPECT were undertaken.  
The SNR of remote sensing measurements can be increased by ‘channel averaging’ and by 
‘pixel averaging’ (Kokaly & Clark 1999, p. 280) or as tested in this research by resampling to 
wider band passes. However, consistent better performing models for the resampled data were 
not produced. This suggests that an improved SNR of the ASD is not needed and that the 
spectral resolution and band positions of the imaging spectrometers are adequate for analysis 
of the research data.  
The results also suggested that the spectral resolutions of these two spectrometers can be 
suitable for pasture attribute analysis as some improved model performance was observed 
using the HyMap band pass for water and crude protein and the Hyperion band pass for 
cellulose, and with only a slight degradation evident for both for digestibility and chlorophyll. 
The research indicated that the SNR of the HyMap is likely to be high enough to produce 
quantised levels of pasture quality attributes, whereas the results for Hyperion suggested 
  327 
limited capacity. However, if properties of the research data such as locational precision and 
consistency in capture methods were enhanced it should be possible to improve model 
performance for both spectrometers. 
The attempt to use models derived from resampled ASD in situ spectra to predict HyMap and 
Hyperion image spectra demonstrated that the relationships derived from the in situ spectra 
bear some, albeit limited, relationship to the image spectra, confirming that some spectral 
characteristics related to the attributes were maintained across the capture scales. However, 
models developed from image spectra themselves are likely to be more useful to predict 
spatially continuous variations as long as adequate ranges are covered. 
In addition, if the effects of the factors that caused a degradation in the presented research 
results were minimised it should be possible to gain further understanding of issues related to 
up- and downscaling in future temperate pasture research using spectrometer data at different 
capture scales. 
8.5 Research implications and recommendations 
From the presented research results a number of implications and recommendations can be 
made. The implications have been divided on three themes in this section, for feed science, 
for C cycling science and for ecosystem processes. These are followed by recommendations 
related to issues encountered and recommendations for future work. 
8.5.1 Implications for feed science 
This study has shown that there is definite potential to determine a few levels of digestibility 
of temperate pastures based on models developed using in situ ASD spectra, resampled in situ 
ASD spectra, HyMap imagery) and HyMap imagery. 
The presented research results are hard to compare to those of other researchers as very 
limited research has been undertaken for prediction of temperate pasture quality attributes 
using hyperspectral data. Schut et al. (2005a) showed very promising results from prediction 
of nitrogen, digestibility, crude protein and fibres from in situ spectra with slightly better 
correlations and error values (RMSECV) half of those obtained in this research, but their 
experiments were conducted with very high spatial resolution (0.2–0.6 mm2), many more 
controlled factors and in a less diverse environment and conditions. The prediction of nitrogen 
from in situ grass swards in African tropical savannah showed correlations comparable to this 
research but with smaller relative errors (Mutanga et al. 2004b).  
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From the comparison of the results from using full crossvalidated PLS models based on 
relationships between pasture quality assays and ASD in situ spectra, resampled ASD in situ 
spectra, HyMap image spectra and Hyperion image spectra, it was observed that in order to 
appropriately interpret predictive capacity several PLS statistics needed to be used as well as 
relative errors. In this research a CV based on the ratio between RMSEP and the interquantile 
range of the measured values was used to compare between results. The use of this CV as 
implemented in the research needs further evaluation but provided a good tool for comparison 
without violating assumptions of normality and avoided use of parametric statistics when 
inappropriate. 
More importantly, the results need to be put into context by comparing confidence intervals of 
predicted values with needed levels for practical applications of estimates of pasture quality 
for management decisions. The translation of the CV value based on RMSEP and 
interquantile range from CV values using RMSEP and standard deviation (Gordon et al. 
1998) also provided a tool for comparison with inherent sample ranges and ranges used 
currently in feed testing to determine feed value.  
The lack of consistency in reporting of goodness of fit and relative errors from analysis of 
spectral data makes it hard to compare and understand results from different analyses. Of the 
25+ number of journal/conference references using PLSR reviewed for this research no two 
group of authors used the same presentation method and only one highlights the difficulty in 
interpretation of results because of variations in approach and reporting styles (Gordon et al. 
1998). Schaepman-Strub et al. (2005) pointed out the importance of consistent use of 
reflectance terminology in imaging spectroscopy to lower uncertainty of resulting products 
and perhaps a similar requirement will be highlighted for statistical methods used in 
hyperspectral research with increasing use of for example PLSR. 
8.5.2 Implications for C cycle science 
The models derived for prediction of cellulose and lignin values from the spectrometer data 
showed limited potential for all the spectrometers used, especially for lignin. Although 
disappointing in the light of the increasing need for detailed knowledge of C cycling in 
agricultural lands including temperate pastures, the results could potentially be improved on. 
Analysis of senescent pasture spectra that would be free of the masking influence from plant 
water captured towards the end of the growing season could perhaps improve the cellulose 
and lignin models. Such prediction models would have the potential to procure very valuable 
data on the component of pasture C that would be most likely to be incorporated into the soil 
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from different activities, including animal trampling, before the next growing season. To 
improve understanding of pasture C cycling the results could also be used to compare with 
assessments of soil stubble content of carbon using cellulose indices as Daugtry et al. (2006) 
and Taylor et al. (2006) have shown that carbon content can be satisfactorily mapped using 
hyperspectral imagery. 
The strong negative correlation between digestibility and cellulose means that there could be a 
possibility to extrapolate C content of the studied temperate pastures from digestibility 
estimates. Such relationships could then be used to produce data for local and regional areas 
dominated by temperate pastures as input into geo-cyclical models. Although prediction 
models for cellulose did not perform as well as digestibility they could possibly be used in a 
supporting sense to ascertain areas of low or high C content in the pastures. 
The prediction models for lignin generally indicated low potential for use to estimate lignin in 
the research spectral data. This is likely a result of the narrow lignin absorption features that 
may not be resolvable in image spectrometer data and the low SNR of the SWIR regions. 
Some uncertainty also originates in the problems with lignin assay data as described in section 
3.3.5. This is disappointing as a strong inverse relationship between field-measured lignin in 
vegetation and measured rates of nitrogen mineralization has been shown in studies of forests 
(Aber et al. 1990) although the relationship is not straightforward. The C:N ratio has been 
used as an indicator of grass quality (Beeri et al. 2007) and the relationship of this ratio to 
digestibility would be interesting to evaluate. In absence of working models, lignin and 
cellulose variations in temperate pastures could be possibly be estimated from inferred data on 
nitrogen mineralization and carbon stocks could be consequently be obtained. All these 
suggested approaches could prove very important as there seems to still be a lack of reliable 
measures of the influence of agricultural practices on carbon and nitrogen cycling, which is 
very pertinent in the new era of climate change discussions and development of carbon 
trading schemes. 
8.5.3 Implications for ecosystem functioning 
The temperate pasture ecosystems are heavily influenced by human activities including 
ploughing and sowing, application of fertiliser, grazing regimes including removal of 
nutrients and biomass. As a consequence nutrient cycling is somewhat different to that of 
natural systems but the understanding of these are as important for grazing systems. Hence, 
knowledge of the spatial distribution of variations in key attributes can contribute to the 
explanation of issues relating to both feed value and carbon-nitrogen cycling, but also to other 
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attributes of pastures revealed by the highlighted patterns such as condition and diversity. 
This knowledge could also facilitate monitoring of changes occurring in response to climate 
and inherent environmental properties. With satellite sensors specifically designed to capture 
data for evaluation of ecosystem processes including plant physiology and functional types 
such as the US HyspIRI (National Research Council 2007) with a Visible Short Wave 
InfraRed sensor (VSWIR) and the proposed German satellite mission EnMAP (Kaufmann et 
al. 2005) likely to become reality in the near future, the experience contained in the presented 
research should indeed prove valuable. 
8.5.4 Recommendations for further work 
For future research into the use of spectrometer data to derive estimates of temperate pasture 
quality attributes a number of recommendations can be made based both on the experience of 
what worked well and limitations encountered. 
Some of the problems experienced were inherent in the research data, both pasture assays and 
spectral data, others stem from inexperience and limitations in capture equipment and 
availability of resources and these have been reported and discussed throughout the thesis. 
However, they raise the question of how the research results could have been improved and 
how the research can be extended. 
The following recommendations will hopefully contribute to improved results and be helpful 
to others embarking on similar research: 
• Determine appropriate protocols and sampling strategy including storage of 
data, and meta data as well as consistent collection of all information essential 
to produce spectral libraries suitable for access by other researcher; 
• assess available range of attributes before spectrometer data are captured and 
ensure that appropriate spatial variability can be captured; 
• thoroughly investigate options for pasture sample analysis to ensure that the 
best available techniques are used to provide ‘ground truth’ data; 
• although weeds are a component of temperate grasslands they usually do not 
dominate the pastures and care needs to be taken when developing calibration 
equations to ensure that enough variation is covered without creating a too 
large influence from an unrepresentative variety of plant and canopy structure 
occurring in the target pastures at the main application capture scale; 
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• ensure consistent ASD fore optics and internal sampling methodology is 
adhered to and that actual capture methods (for example spot measurements or 
moving capture such as walking averages) suit the target application; and 
• record locations of sample sites as accurately as possible and make sure that 
ancillary data is available for suitably accurate georeferencing.  
Hill, MJ et al. (2006) argued that work to date in applied remote sensing and sensor 
development has ultimately been leading to spectroscopy of terrestrial targets from space. 
Hence the presented research into the application of spectroscopy methods on living (and/or 
dead) pasture canopies can be seen as a step towards being able to measure attributes of 
interest of temperate pastures from space. The research results suggested that spectroscopy 
techniques such as PLSR can be used to determine relationships between spectral data and 
some temperate pasture quality attributes such as crude protein, digestibility and cellulose but 
that the relationships are not straight forward. Therefore further work is needed to refine the 
applied methodology and further test the findings of the research to ensure progression 
towards the goal of being able to determine pasture quality form space, which is likely to be 
the format needed for a true uptake by grazing enterprises in their decision making process. 
Further work is also important as a wider range of applications are likely result from the 
improvement of hyperspectral analysis techniques (Blackburn 2007). 
Inconclusive results in regards to the performance of the SMLR and PLSR were shown by 
Dury et al. (2004) and the theoretical advantage of PLSR over SMLR could not be confirmed 
by this research as the latter was not used for prediction. SMLR was shown to be useful to 
investigate relative differences between attributes and transforms and most of these were 
retained in the results from PLSR. The ready ability to produce statistics and plots of many 
aspects of the relationship between the attribute sought to predict and the spectral data 
provided by the PLSR software (Unscrambler) gives greater opportunity to investigate the 
influence of variables and samples on the equations. The probable inflation of SMLR 
correlation results also suggested caution when interpreting results. Consequently the research 
would support a recommendation to pursue analysis of bio-chemicals in pastures using PLSR. 
The capacity of PLSR to produce truly stable models is very likely to be improved by 
ensuring more stringent capture and sampling procedures, as stated previously. 
However, attempts at removing noise and increasing strength of the desired signal component 
through both smoothing using Savitsky-Golay filtering (ASD in situ spectra) and post 
atmospheric treatments of the imaging spectrometer data (MNF and EFFORT polishing) 
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produced inconclusive results with some positive effects for some attributes (crude protein, 
digestibility) and more negative for others (cellulose). An emerging technique using wavelet 
decomposition would therefore be very interesting to test also for analysis of the relationship 
between spectrometer data and pasture quality attributes. In particular, it would be interesting 
to assess the effect of wavelet isolation of know absorption features for features identified for 
protein, cellulose and lignin.  
As has been shown in several studies wavelengths related to high reflection and positions on 
the shoulders of absorption features amongst other curve features lend themselves to use in 
regression analysis with vegetation parameters (Datt 2006b; Fischer et al. 2003). The 
wavelengths/wavelength intervals known to be sensitive for digestibility in NIRS and 
confirmed by PLSR in this study may not qualify as absorption features per se and hence may 
not lend themselves to decomposition by wavelet analysis but this needs to be evaluated as 
this technique has recently shown promise for hyperspectral data analysis with vegetation 
parameters (Ferwerda & Jones 2005). 
The research showed clear and encouraging differences between the prediction models for 
water and digestibility where higher PLS factor loadings highlighted additional wavelengths 
as important for digestibility compared to water (for which one factor was generally sufficient 
to explain most of the variation in the data by most models). However, with more samples 
covering adequate ranges of water content the masking effect could be further studied than 
was possible in this study. In addition interactions between biomass/DM, litter fraction and 
water content on the one hand and pasture quality attributes on the other, needs further 
exploration.  
In addition to suggestions already made, work with stratification of hyperspectral images 
using indices in line with Van der Meer (2003) or other a priori knowledge could help 
confirm whether several prediction models are actually needed for different pasture maturity 
levels and attribute ranges. Pasture canopies are generally dominated by grass species with 
planofile leaves but variations in maturity levels affect the canopy structures present in a 
region/hyperspectral image. Therefore further work with radiative transfer models to model 
pasture canopy variation and variations in LAI, and fusion of hyperspectral data and LIDAR 
data (Blackburn 2007) to categorise canopy structures such as standing and lying canopies 
prove valuable. 
PLSR full crossvalidation provided a good indication of performance of calibration equations. 
However, ideally these equations models should be tested on independent validation samples 
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to confirm usefulness. The Unscrambler software outputs calibration equations in ascii 
format, but to actually create spatial distribution maps from these for further testing of the 
predictive capacity, programming in for example IDL-ENVI or acquisition of existing 
programs is needed.  
As a researcher, it seems that the way to address the many ambiguities and factors affecting 
the accuracy of research results is to be aware of as many of them as possible, plan to reduce 
their impact, minimise the effect of unavoidable ones by the means available and to use the 
results with care given this knowledge. And to be absolutely thrilled about the up and coming 
opportunities to extend the work already undertaken along un-chartered paths.  
8.6 Conclusions 
The final conclusions from the research are summarised in the following dot points: 
• The presented research showed that imaging spectrometry (both airborne and 
spaceborne) at canopy scale can offer synoptic, simultaneous and spatially continuous 
information valuable to feedbased enterprises in temperate Victoria. The results mean 
that PLSR models developed from a limited number of measurements can potentially 
be used to predict pastures across paddocks and farms to at least a few quantisation 
levels for digestibility and crude protein and thereby facilitate in-season pasture 
management interventions with both environmental and societal benefits. 
• The capacity of the developed models to predict quality attribute levels varied for the 
six attributes investigated and model performance was affected by analysis method, 
spectrometer type/capture scale, mathematical transform and for imaging spectrometer 
data also post-atmospheric treatment.   
• The strongest spectral sensitivity was shown for water mass, regardless of methods, 
mathematical treatment and sensors, confirming a general relationship between 
spectral data and the pasture samples. The second highest potential for prediction was 
shown for digestibility with an accuracy and precision that equates to quantisation 
levels currently employed in feed testing. This is important as digestibility is together 
with crude protein used to assess feed quality in Victorian temperate pastures. Of the 
other four pasture attributes investigated the quality attribute crude protein indicated 
some sensitivity as did the anti-quality attribute cellulose. The results for chlorophyll 
varied substantially indicating a strong dependence on samples and mathematical 
transforms whereas the results for lignin showed limited or no predictive capacity. 
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• The comparison between results (adjusted R2 values) from stepwise multiple linear 
regression (SMLR) and partial least squares regression (PLSR) analyses of in situ 
spectra indicated some likeness in applicability as the relative difference between the 
six attributes were maintained for most of the sample subsets. The consistent higher 
coefficients of determination (R2) from SMLR suggested that the results may be 
inflated, confirming the experience by other researchers this method is more limited in 
its usefulness for analysis of hyperspectral data than PLSR. 
• The research showed that mathematical transformation of spectral data has potential to 
improve strengths of prediction although this was more accentuated for the in situ 
spectral data than for the HyMap and Hyperion data. Specifically, derivatisation, 
regardless of other mathematical transformation, generally improved the relationships, 
as did continuum removal. Isolation of absorption features was shown to be more 
beneficial for ASD in situ spectra analysis than for imaging spectrometer data. 
Derivatisation and continuum removed spectra should therefore be included as options 
together with reflectance when developing models of pasture quality attributes and 
spectral data.  
• Post atmospheric correction processing of hyperspectral image spectra increased the 
strength of spectral relationships for digestibility, water mass, crude protein, 
chlorophyll, and lignin. As this was not the case for cellulose these results were 
considered inconclusive. The enhancing effect of noise removal and smoothing as the 
result of some processing options are likely to have converted to a degradation of the 
spectral signal beyond the resolve of cellulose absorption features. Caution in 
interpretation of results is therefore recommended with careful consideration of 
spectral absorption feature characteristics.  
• Consonant wavelengths and spectral regions were identified as important for the 
prediction models at different capture levels suggesting a persistence of physically 
based relationships across capture scales. For models with comparable performance 
some wavelengths and spectral regions varied with spectrometer type indicating that 
canopy differences are related to spatial resolution and signal to noise ratio (SNR). 
Mathematical treatment versions also caused a variation in important wavelengths 
implying that different absorption features for the same pasture quality attribute can be 
used in spectral models to produce similar performance. 
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• Subsetting of data based on capture method indicated that spectral averaging of 
pasture targets (walking integration) and higher ASD internal sampling rates increased 
the strength of the relationship between pasture quality attribute assays and in situ 
spectral data. This modified approach showed a stronger effect on results compared to 
variations caused by the mathematical transforms. The sample subsetting also 
suggested that more stringent sampling protocols could improve results and predictive 
capacity of models.  
• Resampling of ASD spectral resolution to HyMap and Hyperion band passes showed 
limited change in performance of prediction models, suggesting that the spectral 
resolution and band positions of both sensors could be adequate for pasture quality 
attribute prediction. 
• The performance of PLSR models based on HyMap image spectra showed strong 
potential for prediction of quantised levels of digestibility and crude protein while 
being more limited for Hyperion image spectra suggesting that efforts to increase the 
SNR of the Hyperion or future satellite based sensors are essential. The results from 
prediction of pasture quality attributes from HyMap imaging spectrometer data using 
resampled in situ spectra based models showed some, albeit limited, persistence of 
spectral-attribute relationships across capture scales for digestibility. 
• The variation in the mostly limited predictive capacity of models for cellulose and 
lignin, and the inconclusive results from application of smoothing filters, suggested 
that further reduction of noise and enhancement of absorption features related to plant 
fibres and carbon content is essential to improve model performance. Future research 
for determination of temperate pasture quality and carbon content should therefore 
involve wavelet decomposition and hierarchical approaches using stratification based 
on vegetation indices or other a priori data to investigate effects of biomass and plant 
water content. 
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APPENDIX A  
HYPERSPECTRAL IMAGE CAPTURE DETAILS 
1 Tables of HyMap and Hyperion ephemeris and weather data 
 
Table 74 Summary weather data for the different data capture events. Source (Bureau of Meteorology (BOM ) 
2001; Clark, S 2001). The two bottom rows show weather data for the Hyperion campaign as well as 
the ASD capture in October 2002 for comparison. 
Site (date) Tmin 
C° 
Tmax 
C° 
Wind 
direction 
Wind 
speed 
(km/h) 
Tsoil 
C° 
Radiation 
(MJ/m2) 
Visibility (km) 
PVI, Hamilton 
7 Dec 2000 
4.4 21.5 SSE 7.7 19 - 40 , some cirrus and 
cirrostratus clouds 
SGS, Vasey  
7 Dec 2000 
8.9 21.0 SE 10.5 22 37.5 100  
Ellinbank, 
7 Dec 2000 
7.0 19.9 NE 6.7 22 22.9 40, small cumulus 
clouds 
PVI, Hamilton 15 
March 2001 
6.4 28.8 ENE 8.4 20 18.1 100 
PVI, Hamilton  
19 January, 2002 
9.4 33.0 ESE 8.1 20 31.8 100 
PVI, Hamilton  
31 October 2002 
3.8 15.9 W 9.5 14.4 21.5 100 
 
Table 75 Ephemeris data on altitude for the different images, and pixel and image size. 
Image / Study 
site 
Min 
altitude 
(MSL) 
Max 
Altitude 
(MSL) 
Average 
altitude 
(MSL) 
Average scene 
elevation (metres 
above sea level) 
Output 
pixel size 
(metres) 
Image size 
(lines x 
samples) 
LTPE 1610.4 1696.5 1646.6 272.0 2.8 1728 x 512 
Ellinbank 4 1535.8 1547.8 1541.8 161.5 2.8 1507 x 512 
Ellinbank 3 1534.8 1547.1 1540.7 180.6 2.6 1487 x 512 
PVI 1654.0 1674.1 1663.4 222.9 2.9 1343 x 512 
Vasey 1659.7 1668.5 1666.4 238.2 2.9 1681 x 512 
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APPENDIX B  
PASTURE PADDOCK DATA 
1 Summary of treatment plots at the different study sites 
Table 76 Key to LTPE P treatment plots (super phosphate levels and stocking rates). Paddock numbers in italics. 
 Super phosphate levels (kg P/ha) 
Stocking  
rates 
Ewes/ha 1-low 
(0) 
2 
(4) 
3 
(8) 
4 
(15) 
5 
(23) 
6-high 
(32) 
Low 6, 11 16 2 18 1 13 6 
Medium 15 10 17 5 8 3 12 
High 19 14 4 7 11 9 15 
 
Table 77 Key and summary of the treatment plots at Vasey (SGS project). 
Treatment   Pasture type Grazing management Paddock number 
A Low P Sown phalaris-sub. clover Set-stocked 3, 8, 11 
B High P Sown phalaris-sub. clover Set-stocked 5, 6, 14 
C High P Sown phalaris-sub. clover 4-paddock rotation 1, 7, 12 
D High P Sown phalaris-sub. clover Variable rotation 4, 15 
E High P + N Sown phalaris-sub. clover Variable rotation 2, 9, 13 
F Unimproved Volunteer, onion grass, 
annuals 
Set-stocked 18 
G Unimproved Volunteer, onion grass, 
annuals 
4-paddock rotation 19 
 
Table 78 Key and summary of the treatment blocks at Ellinbank (farmlet study). Block ids in italics.  
Treatment Super phosphate levels (kg P/ha) 
Stocking  
rates 
Cows/ha 1-low 
(0) 
2 
(35) 
3 
(70) 
4-high 
(140) 
Low 2 A M W C F G I 
K O P S U Y 
G N R B D E I 
K O T U X Z 
– – 
Medium 3 
A replicate 
B N X C F H I L 
O R S V Z 
A N P C E G I L 
Q T U V W Z 
D T X B E H J 
K M O P V Y 
A N X C E H J 
K Q R S V Y 
Medium 3 
B replicate 
– B C N F H I L P 
Q S U W Y 
– G M X A D E J 
L P Q S U Z 
High 4 – – A R T D F G J L 
N O V W Y 
B M T C F H J 
K Q R U W Z 
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APPENDIX C  
ATTRIBUTE CALCULATION DETAILS 
1 Table of chlorophyll calculation formulae 
Table 79 Formulas/equations used for calculation of chlorophyll concentrations by Deakin Water Quality 
Laboratory. Different formulas were used for different sample batches. The used equations are 
highlighted with a black box. 
Dec 2000 Formula used 1st edition, (Harbourne 1973b) Calculation 
basis 
Batch 
Chl a mg/g (12.3 * A663 – 0.86 * A645) / 100 * Sample g / Vol ml * 1 / dilution fresh weight 1 
Chl b mg/g (19.3 * A645 – 2.69 * A663) / 100 * Sample g / Vol ml * 1 / dilution fresh weight 1 
Chl a+b Simple addition of Chl a and Chl b   
Chl tot  (27.8 * A652 / (100 * Sample g) * Vol ml / 1 / dilution volume 1 
Jan 2002 Formula used 1st edition, (Harbourne 1973b) – for fresh weight basis   
Chl a ((12.3 * A663 – 0.36 * A645) / dilution ) * (Vol ml / 1000) / Sample g fresh weight 2 
Chl b ((19.3 * A645 – 2.69 * A663) / dilution ) * (Vol ml / 1000) / Sample g fresh weight 2 
Chl a+b Simple addition of Chl a and Chl b  2 
Chl total No result, no reading of absorbance at 652 nm   
Oct 2002 Formula used 1
st
 edition, (Harbourne 1973b) – on volume basis   
Chl a ((12.7 * A663 – 2.69 * A645) / dilution ) * Vol L / Sample g volume 3 
Chl b ((22.9 * A645 – 4.68 * A663) / dilution ) * Vol L / Sample g volume 3 
Chl a+b ((20.2 * A645 + 8.02 * A663) / dilution ) * Vol L / Sample g   
Chl total ((27.8 * A652) / dilution) * Vol L / Sample g volume 3 
All samples - Deakin Formula used when corrected by Deakin (Harbourne 1973b)   
Chl a ((12.7 * A663 – 2.69 * A645) / dilution ) * Vol L / Sample g volume  
Chl b ((22.9 * A645 – 4.68 * A663) / dilution ) * Vol L / Sample g volume  
Chl a+b ((20.2 * A645 + 8.02 * A663) / dilution ) * Vol L / Sample g volume  
Chl total ((27.8 * A652) / dilution) * Vol L / Sample g 
(not possible for Jan 2002 samples) 
volume  
All sampless  Formula used for final calculation of chlorophyll on fresh weight basis 
(Harbourne 1973b). 
  
Chl a ((12.3 * A663 – 0.86 * A645) / dilution ) * Vol L / Sample g Fresh weight  
Chl b ((19.3 * A645 – 3.6 * A663) / dilution ) * Vol L / Sample g Fresh weight  
Chl a+b ((20.2 * A645 + 8.02 * A663) / dilution ) * Vol L / Sample g volume  
Chl total ((27.8 * A652) / dilution) * Vol L / Sample g volume  
For comparison (not used) 2nd edition (Harbourne 1984) 
Note: uses A646 for chlorophyll b and chlorophyll a+b 
  
Chl a ((12.21 * A663 – 2.81 * A646) / dilution ) * Vol L / Sample g   
Chl b ((20.13 * A646 – 5.03 * A663) / dilution ) * Vol L / Sample g   
Chl a+b ((17.3 * A646 – 7.18 * A663) / dilution ) * Vol L / Sample g   
Chl total ((27.8 * A652) / dilution) * Vol L / Sample g   
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2 Chlorophyll quality statement 
A chlorophyll quality statement was provided for the ASD2001 samples as 
follows: 
Duplicate measurements were less than 19% different. The discrepancy 
between total chlorophyll calculated from measurements made at 652 nm 
and the total chlorophyll calculated from measurements made at 
wavelength maxima were all less than 8%. The mean percent discrepancy 
was 2.2+/-3.8. This indicates that there was little error due to pheophytin 
and other breakdown products. (Kew 2002) 
When calculated for the December 2000 samples the respective figures for discrepancy were 
less than 12% and mean percent discrepancy 5.4+\-1.9. For the samples results from the 
January 2002 comparative figures were not provided. 
3 Fibre quality statement 
The method precision excerpt provided by AgNSW on request as part of the fibre quality 
assurance was as follows: 
‘9.1’ Trained and experienced laboratory staff should be able to return 
a precision on secondary standards of: ±1.5 standard deviations from 
the grand mean. 
‘9.2’ Duplicate results must fall within a designated relative error 
range (general guidelines ± 5%) 
‘9.3’ Method precision is monitored by examination of the reported -
duplicate monitoring. (Meyer 2003) 
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APPENDIX D  
ATTRIBUTE STATISTICS TABLES 
1 Attribute summary distribution statistics 
Table 80 Summary distribution statistics for all pasture samples acquired and analysed during the field 
campaigns 2000-2002. Results for attributes likely to be drawn from normally distributed population 
are highlighted with bold typeface. 
Statistics Chlorophyll  
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
n 177 205 205 174 212 212 
min 0.00 3.24 35.88 17.86 2.15 10.65 
max 1.94 30.45 85.56 898.92 25.90 44.25 
mean 0.45 9.91 58.53 573.42 6.51 27.75 
std deviation 0.41 4.01 8.62 168.60 3.33 5.52 
coeff. of var 0.89 0.40 0.15 0.29 0.51 0.20 
quantile (20) 0.14 6.55 52.09 425.39 3.90 24.13 
quantile (80) 0.65 12.65 65.18 705.75 8.52 31.08 
skewness 1.62 1.24 0.01 -0.78 2.11 0.18 
kurtosis 2.60 3.56 0.31 0.26 7.15 1.27 
Shapiro-Wilk test 
W/ p-value* 
0.83/ 
0.000 
0.93/ 
<0.0001 
0.98/ 
0.5913 
0.94/ 
<0.0001 
0.84/ 
0.000 
0.97/ 
0.0022 
*Shapiro Wilk test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
Table 81 Summary distribution statistics for the pasture samples corresponding to ASD-all in situ spectra. 
Results for attributes likely to be drawn from normally distributed population are highlighted with bold 
typeface. 
Statistics Chlorophyll  
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
n 87 75 75 58 82 82 
min 0.00 4.39 44.99 17.86 2.15 10.65 
max 1.94 30.45 85.56 898.92 25.90 36.68 
mean 0.62 11.14 61.17 650.64 6.26 25.93 
std deviation 0.50 4.70 9.29 177.91 4.02 5.25 
coeff. of var  0.80 0.42 0.15 0.27 0.64 0.20 
quantile (20) 0.18 7.51 52.13 504.35 3.83 22.00 
quantile (80) 1.06 14.07 70.15 786.51 7.35 30.28 
skewness 0.91 1.53 0.46 -1.45 2.46 -0.42 
kurtosis -0.004 3.04 -0.67 2.35 7.10 0.61 
Shapiro-Wilk test 
W/ p-value* 
0.89/ 
<0.0001 
0.88/ 
<0.0001 
0.95/ 
0.0119 
0.87/ 
<0.0001 
0.74/ 
0.000 
0.97/ 
0.1228 
*Shapiro Wilks test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
  360 
Table 82 Summary distribution statistics for samples corresponding to ASD-2000 subset. Results for attributes 
likely to be drawn from normally distributed population are highlighted with bold typeface. 
Statistics Chlorophyll  
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
n 42 30 30 13 37 37 
min 0.00 4.39 0.70 17.86 2.66 10.65 
max 1.94 15.21 2.43 871.59 25.90 34.05 
mean 0.77 9.82 1.57 642.40 7.42 25.80 
std deviation 0.61 2.99 0.48 268.06 5.10 5.73 
coeff. of var 0.79 0.30 0.30 0.42 0.69 0.22 
quantile (20) 0.17 7.52 51.65 647.41 4.25 23.55 
quantile (80) 1.37 12.49 60.56 802.71 9.12 30.69 
skewness 0.43 0.25 0.68 -1.93 2.053 -1.10 
kurtosis -1.12 -0.90 -0.26 2.66 4.30 1.10 
Shapiro-Wilk test 
W/p-value* 
0.90 
0.0016 
0.95 
0.2355 
0.93 
0.0671 
0.68 
0.0002 
0.75 
<0.0001 
0.90 
0.036 
       
*Shapiro Wilk test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
 
Table 83 Summary distribution statistics for samples corresponding to ASD-2002 subset. Results for attributes 
likely to be drawn from normally distributed population are highlighted with bold typeface. 
Statistics Chlorophyll  
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
n 45 45 45 45 45 45 
min 0.02 5.76 44.99 342.75 2.15 17.71 
max 1.16 30.45 85.56 898.92 15.96 36.68 
mean 0.47 12.17 64.42 655.50 5.30 26.04 
std deviation 0.30 5.37 9.87 144.65 2.54 4.88 
coeff. of var 0.64 0.44 0.15 0.22 0.48 0.19 
quantile (20) 0.19 7.51 55.84 493.45 3.46 21.63 
quantile (80) 0.79 15.30 74.23 776.08 6.51 30.24 
skewness 0.45 1.42 -0.05 -0.54 2.133 0.47 
kurtosis -0.75 2.14 -0.74 -0.70 6.84 -0.27 
Shapiro-Wilk test 
W/p-value* 
0.95 
0.05 
0.87 
<0.0001 
0.97 
0.40 
0.94 
0.02 
0.83 
<0.0001 
0.94 
0.04 
       
*Shapiro Wilk test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
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Table 84 Summary distribution statistics for samples corresponding to ASD-noweeds subset. Results for 
attributes likely to be drawn from normally distributed population are highlighted with bold typeface. 
Statistics Chlorophyll  
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
n 69 64 64 48 66 66 
min 0.00 4.39 44.99 17.86 2.15 17.89 
max 1.87 30.45 85.56 862.62 15.96 36.68 
mean 0.56 10.57 60.87 619.56 5.04 27.36 
std deviation 0.46 4.47 9.31 176.04 2.05 4.17 
coeff. of var 0.82 0.42 0.15 0.28 0.41 0.15 
quantile (20) 0.17 7.42 51.76 492.08 3.70 24.23 
quantile (80) 0.91 12.63 69.58 753.57 6.26 31.08 
skewness 1.05 2.09 0.50 -1.51 2.58 0.28 
kurtosis 0.47 6.38 -0.47 2.73 11.50 -0.36 
Shapiro-Wilk test 
W/p-value* 
0.89 
<0.0001 
0.83 
<0.0001 
0.95 
0.04 
0.87 
<0.0001 
0.82 
<0.0001 
0.96 
0.14 
       
*Shapiro Wilks test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
 
Table 85 Summary distribution statistics for samples corresponding to all HyMap image spectra. Results for 
attributes likely to be drawn from normally distributed population are highlighted with bold typeface. 
Statistics Chlorophyll  
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
n 34 72 72 56 72 72 
min 0.03 3.35 35.88 163.73 2.40 24.63 
max 0.62 16.66 71.35 724.75 10.50 44.26 
mean 0.29 9.38 55.85 478.90 5.87 31.22 
std deviation 0.17 3.61 9.25 179.98 2.37 4.97 
coeff. of var 0.57 0.38 0.17 0.38 0.40 0.16 
quantile (20) 0.15 5.51 45.10 272.88 3.65 27.78 
quantile (80) 0.47 12.62 65.13 661.90 8.38 35.25 
skewness 0.42 -0.07 -0.45 -0.23 0.35 1.25 
kurtosis -0.88 -1.16 -0.83 -1.52 -1.25 0.46 
Shapiro-Wilk test 
W/p-value* 
0.94 
0.06 
0.93 
0.0004 
0.93 
0.0005 
0.88 
<0.0001 
0.90 
<0.0001 
0.82 
<0.0001 
       
*Shapiro Wilks test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
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Table 86 Summary distribution statistics for samples corresponding to HyMap image Dec-2000 spectra. 
Results for attributes likely to be drawn from normally distributed population are highlighted with bold 
typeface. 
Statistics Chlorophyll  
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
n 34 56 56 56 56 56 
min 0.03 4.20 45.23 163.73 2.40 24.63 
max 0.62 16.66 71.35 724.75 9.47 33.25 
mean 0.29 10.72 59.86 478.90 5.08 28.82 
std deviation 0.17 2.90 5.88 179.98 1.90 1.80 
coeff. of var 0.57 0.27 0.10 0.38 0.37 0.06 
quantile (20) 0.15 8.32 55.50 272.88 3.47 27.43 
quantile (80) 0.47 12.86 65.66 661.90 6.63 30.36 
skewness 0.42 -0.35 -0.17 -0.23 0.85 0.15 
kurtosis -0.88 -0.25 -0.53 -1.52 -0.29 0.36 
Shapiro-Wilk test 
W/p-value* 
0.94 
0.06 
0.97 
0.26 
0.97 
0.37 
0.88 
<0.0001 
0.89 
<0.0001 
0.97 
0.42 
*Shapiro Wilks test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
 
 
Table 87 Summary distribution statistics for samples corresponding to Hyperion 2002 image spectra. Results for 
attributes likely to be drawn from normally distributed population are highlighted with bold typeface. 
Statistics Chlorophyll 
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin  
(% of DM) 
Cellulose  
(% of DM) 
n 49 46 46 48 46 46 
min 0.04 4.20 47.75 342.75 3.19 13.52 
max 0.71 12.67 66.60 725.98 19.26 35.78 
mean 0.25 8.81 59.53 567.84 7.30 25.81 
std deviation 0.18 2.20 4.58 108.64 3.29 3.29 
coeff. of var 0.75 0.25 0.08 0.19 0.45 0.18 
quantile (20) 0.09 6.68 55.93 457.71 4.75 22.09 
quantile (80) 0.40 11.14 63.44 671.42 8.66 27.67 
skewness 1.06 -0.07 -0.61 -0.38 1.83 -0.11 
kurtosis 0.24 -0.86 -0.06 -1.08 4.19 0.68 
Shapiro-Wilk test 
W/probability  
(p-value)* 
0.86 
<0.0001 
0.97 
0.29 
0.95 
0.09 
0.93 
0.005 
0.84 
<0.0001 
0.96 
0.12 
*Shapiro Wilks test, p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
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Table 88 Summary of Shapiro Wilk test for non-normality, major subset levels. Results for attributes likely to be 
drawn from normally distributed population are highlighted with bold typeface. Shapiro Wilks test, 
p<0.05 for W rejects the supposition of normality (Statsdirect 2005). 
Subset Chlorophyll 
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Water mass 
mg/g 
Lignin  
(% of DM) 
Cellulose  
(% of DM) 
 W p-value W p-value W p-
value 
W p-value W p-value W p-value 
All 
pastures 
0.83 0.000 0.93 <0.0001 0.98 0.59 0.94 <0.0001 0.84 0.000 0.97 0.0022 
ASD-all 0.89 <0.0001 0.88 <0.0001 0.95 0.0119 0.87 <0.0001 0.74 0.000 0.97 0.12 
ASD-2000 0.90 0.0016 0.95 0.2355 0.93 0.0671 0.68 0.0002 0.75 <0.0001 0.90 0.0036 
ASD-2002 0.95 0.05 0.87 <0.0001 0.97 0.40 0.94 0.02 0.83 <0.0001 0.94 0.04 
ASD-
noweeds 
0.89 <0.0001 0.83 <0.0001 0.95 0.04 0.87 <0.0001 0.82 <0.0001 0.96 0.14 
HyMap-
all 
0.94 0.06 0.93 0.0004 0.93 0.0005 0.88 <0.0001 0.90 <0.0001 0.82 <0.0001 
HyMap-
2000 
0.94 0.06 0.97 0.26 0.97 0.37 0.88 <0.0001 0.89 <0.0001 0.97 0.42 
HyMap 
2001 
- - 0.93 0.27 0.91 0.11 - - 0.97 0.78 0.97 0.86 
Hyperion-
2002 
0.87 <0.0001 0.97 0.29 0.95 0.09 0.93 0.0058 0.84 <0.0001 0.96 0.12 
 
Table 89 Summary of interquantile ranges (20th and 80th percentiles) for major subset levels. Data set with 
largest IQ range is marked with bold type face. 
Subset Chlorophyll 
mg/g 
Water 
mg/g 
Crude protein 
(% of DM) 
Digestibility 
(% of DM) 
Lignin 
(% of DM) 
Cellulose  
(% of DM) 
All pastures 0.51 280.36 6.10 13.08 4.61 6.94 
ASD-all 0.89 282.17 6.57 18.02 3.52 8.27 
ASD-2000 1.20 155.30 4.98 8.91 4.87 7.14 
ASD-2002 0.60 282.63 7.79 18.39 3.06 8.61 
ASD-noweeds 0.74 261.48 5.21 17.82 2.56 6.86 
HyMap-all 0.47* 389.03** 7.10 20.03 4.73 7.47 
HyMap-2000 0.32 389.03 4.54 10.18 3.15 2.93 
HyMap 2001 n/a n/a 1.52 3.18 1.84 4.33 
Hyperion-2002 0.30 213.71 4.46 7.51 3.91 5.58 
* no results for Ellinbank samples 
** no results for HyMap 2001 samples 
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2 Attribute pairwise correlation tables 
Table 90 Table of pairwise correlation between the six biochemicals from samples corresponding to the ASD-all 
in situ samples and the non-directional significance probability. Bold typeface indicates a significant 
correlation based on significance probability less than 0.01. 
Variable By Variable Correlation 
No. of 
samples 
Significance 
probability p 
Crude protein (%of DM) Chlorophyll mg/g 0.450 75 <.0001 
Digestibility (%of DM) Chlorophyll mg/g 0.467 75 <.0001 
Digestibility (%of DM) Crude protein (%of DM) 0.759 75 <.0001 
Water mass mg/g Chlorophyll mg/g 0.616 58 <.0001 
Water mass mg/g Crude protein (%of DM) 0.624 47 <.0001 
Water mass mg/g Digestibility (%of DM) 0.802 47 <.0001 
Lignin (%of DM) Chlorophyll mg/g -0.051 82 0.649 
Lignin (%of DM) %CP (of DM) 0.332 74 0.004 
Lignin (%of DM) Digestibility (%of DM) -0.013 74 0.912 
Lignin (%of DM) Water mass mg/g 0.106 54 0.446 
Cellulose (%of DM) Chlorophyll mg/g -0.375 82 0.0005 
Cellulose (%of DM) Crude protein (%of DM) -0.727 74 <.0001 
Cellulose (%of DM) Digestibility (%of DM) -0.779 74 <.0001 
Cellulose (%of DM) Water mass mg/g -0.674 54 <.0001 
Cellulose (%of DM) Lignin (%of DM) -0.519 82 <.0001 
Table 91 Table of pairwise correlation between the six biochemicals corresponding to the HyMap image 
spectra and the non-dirctional significance probability. Bold typeface indicates an significant 
correlation based on significance probability (directional) less than 0.01. 
Variable By Variable Correlation 
No. of 
samples 
Significance 
probability p 
Crude protein (%of DM) Chlorophyll mg/g 0.125 33 0.488 
Digestibility (%of DM) Chlorophyll mg/g 0.257 33 0.148 
Digestibility (%of DM) Crude protein (%of DM) 0.866 72 <.0001 
Water mass mg/g Chlorophyll mg/g 0.480 33 0.005 
Water mass mg/g Crude protein (%of DM) 0.364 56 0.006 
Water mass mg/g Digestibility (%of DM) 0.750 56 <.0001 
Lignin (%of DM) Chlorophyll mg/g -0.364 33 0.037 
Lignin (%of DM) %CP (of DM) -0.570 72 <.0001 
Lignin (%of DM) Digestibility (%of DM) -0.834 72 <.0001 
Lignin (%of DM) Water mass mg/g 0.728 56 <.0001 
Cellulose (%of DM) Chlorophyll mg/g -0.050 33 0.783 
Cellulose (%of DM) Crude protein (%of DM) -0.793 72 <.0001 
Cellulose (%of DM) Digestibility (%of DM) -0.863 72 <.0001 
Cellulose (%of DM) Water mass mg/g -0.267 56 0.046 
Cellulose (%of DM) Lignin (%of DM) 0.644 72 <.0001 
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Table 92 Table of pairwise correlation between the six biochemicals corresponding to the Hyperion image 
spectra and the non-directional significance probability. Bold typeface indicates an significant 
correlation based on significance probability (directional) less than 0.01. 
Variable By Variable Correlation 
No. of 
samples 
Significance 
probability p 
Crude protein (%of DM) Chlorophyll mg/g 0.786 46 <.0001 
Digestibility (%of DM) Chlorophyll mg/g 0.646 46 <.0001 
Digestibility (%of DM) Crude protein (%of DM) 0.663 46 <.0001 
Water mass mg/g Chlorophyll mg/g 0.775 48 <.0001 
Water mass mg/g Crude protein (%of DM) 0.790 46 <.0001 
Water mass mg/g Digestibility (%of DM) 0.723 46 <.0001 
Lignin (%of DM) Chlorophyll mg/g -0.242 46 0.105 
Lignin (%of DM) %CP (of DM) -0.187 46 0.212 
Lignin (%of DM) Digestibility (%of DM) -0.140 46 0.351 
Lignin (%of DM) Water mass mg/g -0.156 46 0.302 
Cellulose (%of DM) Chlorophyll mg/g -0.341 46 0.020 
Cellulose (% of DM) Crude protein (% of DM) -0.439 46 0.002 
Cellulose (% of DM) Digestibility (% of DM) -0.534 46 0.0001 
Cellulose (% of DM) Water mass mg/g -0.523 46 0.0002 
Cellulose (% of DM) Lignin (% of DM) -0.576 46 <.0001 
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APPENDIX E  
AUSTRALIAN FEED TABLES 
1 Table of biochemical content from Australian Feed Tables 
 
In (Ostrowski-Meissner 1987) examples of feed composition tables or biochemical 
constituents of feeds. 
Table 93 Table of biochemical content extracted from Australian Feed Tables. 
Name Scientific name Protein g/kg 
DM 
ADF g/kg 
DM 
Cellulose 
g/kg 
Lignin g/kg 
Barley Grass ranges Hordeum 
leporinum  
212.5, 119.5, 
07.5, 65, 53.8, 
102, 44 
   
Cape weed Cryptostemma 
calendula 
153.2, 59.3, 
73.1, 135.6, 
53.1 
   
Subclover  Trifolium 
subterrneum 
165, 98, 161, 
334, 170, 235, 
266.7, 287.5, 
143.75, 214.4, 
293.8, 164.4, 
250 
345, 337, 
232, 188, 
300, 208, 
226.4,  
274, 274, 
235.5,  
77.5, 77.5, 
46, 61.4 
White clover  Trifolium repens 150.9,188.1, 
213.1, 280, 
248.1, 309.4, 
334.5, 172.5, 
232, 156.9, 
157.5, 154.4, 
198 
308.4, 244.8, 
241.5, 232, 
302.5, 183,  
 54, 54.7,  
Hay – Chaff Mature 88.8 365.2  71.2 
Hay – clover/grass Late veg 123.15 423.45  63.4 
Hay – clover/grass Mature 111.9 376.4   
Hay – 
clover/grass/lucerne 
Full bloom 78.75 465.4  80.4 
Hay – 
clover/ryegrass 
Mature 94.4 379.5  64.9 
Hay late cut pasture Mature 134.4 296   
Hay Meadow 
Foxt’l/clover/ryegr 
Mature 104.4 403.6  72.4 
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APPENDIX F  
DISCRIMINANT ANALYSIS 
1 Matrix categories and pasture attribute assays 
Percentage of misclassification resulting from discriminant analysis of matrix categories and 
the results from six (all) and five (all but water) pasture attribute assays are shown in Table 
94. 
Table 94 Misclassification percentage between the different matrix categories and the pasture attribute assays. 
“Class trend” indicates that the class means plot in order of matrix category class levels. 
 % misclassified    
Primary matrix category 
(number of classes) 
6 pasture 
attributes 
Visible grouping 5 pasture 
attributes 
Visible grouping 
Phenology (5) 31.19 class trend 35.14 class trend 
Live/dead fraction (4) 27.66 class trend 39.19 class trend 
“Leaf Area Index” (6) 53.19 none 55.41 none 
Canopy structure (3) 14.89 none 35.14 none 
Monocotyledons – 
Dicotyledons-proportion (4) 
25.53 class trend 22.47 class trend 
Species groups (8) 31.91 Some separation of 
clover, clover mix 
and dicot dominated 
classes versus rest. 
45.95 None 
Weeds-non-weeds (2) 4.26 Weeds (n=4) 
separate 
5.41 Weeds (n=11) 
separate 
Secondary category     
Study sites (4) N/A N/A 36.49 grouping trend, PVI 
versus the rest 
Sampling time of year (3) 17.02 grouping trend 25.68 grouping trend 
Sampling time of day (5) 46.81 none 58.11 none 
Spectra type (2) 17.02 none 31.08 none 
 
2 Matrix categories and spectral transform PCs 
The seven canonical plots below in Figure 122 to Figure 126 resulted from discriminant 
analysis between spectral transform PCs and matrix attributes/categories and represent a 
selection of the lowest misclassifications (Table 95). The points and multivariate means are 
shown in the two dimensions that provide the best separation. The size of the circles 
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corresponds to a 95% confidence limit for the class means. The sample points are coloured 
according to matrix category class level/quantisation order. 
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Figure 122 Reflectance, 10 PCS vs. live/dead groups 
26.44% misclassified. 
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Figure 123 ABS_BNA, 10 PCs, vs. phenology groups 
18.39% misclassified. 
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Figure 124 LOG1R-D, 10 PCs vs. canopy structure 
groups 22.99% misclassified. 
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Figure 125 LOG1R-D, 10 PCs vs species groups 
36.78% misclassified. 
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Figure 126 BNA-D, 10 PCs vs. weeds-noweeds 
12.64 % misclassified.
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Table 95 Summary of results from discriminant analysis using 10 PCs versus matrix categories. Comments regarding visual observation in relation to grouping trends are 
made underneath each misclassification % value. Results plotted in Figure 122 to Figure 126 are highlighted in grey. 
 % Misclassification for each transformation      
Matrix category R R-D LOG1R-D 1R-D CR-D ABS_BNA ABS_BNA-D ABS-DEP-D 
Phenology  33.33 34.48 43.68 40.23 34.48 18.39 36.78 44.83 
(n=5) quantisation 
order 
quantisation 
order 
quantisation 
order 
quantisation 
order 
quantisation 
order 
Yellow (class 5) 
vs. rest 
Yellow (class 5) vs. 
rest 
quantisation 
order 
Live/dead 
fraction 
26.44 27.59 32.18 24.14 33.33 27.59 29.89 31.03 
(n=4) Dead 
dominated 
(class 1) vs rest 
Dead 
dominated 
(class 1) vs rest 
Dead 
dominated 
(class 1) vs rest 
Dead 
dominated 
(class 1) vs rest 
Dead 
dominated 
(class 1) vs rest 
Dead dominated 
(class 1) vs rest 
Dead dominated 
(class 1) vs rest 
Dead 
dominated 
(class 1) vs rest 
Monocot/dicot 
proportion 
45.98 48.28 31.03 33.33 28.74 28.74 32.18 32.18 
(n=4) - - - weak trend weak trend weak trend weak trend - 
Species group 49.43 37.93 36.78 37.93 40.23 39.08 33.33 42.53 
(n=8) - Foggrass vs. 
rest 
Foggrass vs. 
rest 
Foggrass vs. 
rest 
Foggrass vs. 
rest 
- Foggrass vs. rest Foggrass vs. 
rest 
”LAI” 48.28 54.08 57.74 62.07 58.62 48.28 44.83 58.62 
(n=6) - Highest LAI 
(class 4) vs. 
rest 
Highest LAI 
(class 4) vs. 
rest 
Highest LAI 
(class 4) vs. 
rest 
Highest LAI 
(class 4) vs. 
rest 
Highest LAI 
(class 4) vs. rest 
Highest LAI (class 
4) vs. rest 
Highest LAI 
(class 4) vs. 
rest 
Canopy structure 24.14 31.03 22.99 24.14 24.14 29.89 29.89 26.44 
(n=3) Weak 
quantisation 
order (standing-
mix-lying) 
Weak 
quantisation 
order 
(standing-mix-
lying) 
Weak 
quantisation 
order 
(standing-mix-
lying) 
Weak 
quantisation 
order 
(standing-mix-
lying) 
Weak 
quantisation 
order 
(standing-mix-
lying) 
Weak quantisation 
order (standing-
mix-lying) 
Weak quantisation 
order (standing-
mix-lying) 
Weak 
quantisation 
order 
(standing-mix-
lying) 
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 % Misclassification for each transformation      
Matrix category R R-D LOG1R-D 1R-D CR-D ABS_BNA ABS_BNA-D ABS-DEP-D 
Weeds/non-weeds 14.54 22.99 11.49 24.14 17.34 16.09 12.64 16.09 
(n=2)  - - - - - Grouping 
tendency 
Some weeds 
separate 
Some weeds 
separate 
Study sites 18.39 27.59 24.14 31.03 26.44 17.24 33.33 24.14 
(n=4) LTPE and 
Vasey vs. PVI 
and Ellinbank 
LTPE and 
Vasey vs. PVI 
and Ellinbank 
LTPE and 
Vasey vs. PVI 
and Ellinbank 
- LTPE and 
Vasey vs. PVI 
and Ellinbank 
PVI vs. the others - LTPE and 
Vasey vs. PVI 
and Ellinbank 
Capture time of 
year / Spectral 
average 
21.84 25.29 29.89 21.84 28.74 4.60 37.93 39.08 
(n=3) grouping trend grouping trend grouping trend grouping trend grouping trend groups weak grouping 
trend 
weak grouping 
trend 
Capture time of 
day 
49.43 57.47 55.17 55.17 58.62 54.02 64.37 55.17 
(n=5) +/-5 hours 
separate 
+/-5 hours 
separate 
+/-5 hours 
separate 
- +/-5 hours 
separate 
weak quantisation 
order 
- - 
Spectra type 24.14 36.78 36.78 25.29 31.03 6.90 33.33 26.44 
(n=2) Weak grouping 
trend 
- - - - groups weak grouping 
trend 
weak grouping 
trend 
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APPENDIX G  
ASD SPECTRA SUMMARY AND PROCESSING DETAILS 
This appendix contains context information relating to the ASD spectra used in the research; 
summary table of all spectra collected in the different campaigns, table of internal sampling 
intervals used and plots of the respective spectra. A section explaining details of the ASD 
processing such as removal of detector shifts and bad bands is included for reference. 
1 ASD spectra capture summaries 
 
Table 96 Summary of number of ASD spectra captured and the number of spectra corresponding to pasture 
attribute samples across capture campaigns. Results are divided on campaign and type of pasture 
attribute analysis. 
Campaign Total number 
of spectra 
 
No of vegetation 
spectra used for 
pasture attribute 
comparison  
(total number in 
brackets) 
No for 
NIRS 
 
 
No for 
chlorophyll 
analysis 
No for 
lignin/cellulose 
analysis 
 
No for dry 
weight and 
wet weight 
analysis 
 
ASD-1 60 42 (50) 30 42 37 13 
ASD-2 410 (non 
averaged) 
55 (incl 
averaged) 
 
 
25 (53) 
25 25 25 25 
ASD-3 68 (non 
averaged) 
21 (incl 
averaged) 
20 (20) 20 20 20 20 
All ASD 538 (non-
averaged) 
136 incl 
averaged 
87 (123) 75 87 82 58 
 
Table 97 Table summarising the ASD sampling interval for each campaign. Results include the number and type 
of vegetation spectra used and proportion of single to multiple spectra. 
ASD capture 
campaign 
No of spectra  Internal spectral sampling /data 
values per spectrum 
Single / Multiple spectra averaged 
1. Dec 2000 42 10 42/0 
2. Jan 2002 25 50 7/18 
3. Oct 2002 20 200 2/18 
All 87  51/36 
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Figure 127 Plot of the vegetation reflectance signatures (n=42) recorded during the HyMap mission in December 
2000 (ASD-1).  
 
Figure 128 Plot of the vegetation reflectance signatures (n=25) recorded during the Hyperion mission in January 
2002 (ASD-2). 
 
Figure 129 Plot of the vegetation reflectance signatures (n=20) recorded during the ASD mission in October 
2002. 
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2 ASD spectra processing details 
 
The six processing steps applied to the ASD spectra involved: 
• importation into ENVI from ASCII ASD reflectance files and creation of 
spectral library files; 
• conversion from double precision to floating point so that CSIRO developed 
conversion programs would work; 
• removal of detector shift anomalies at two wavelength intervals; 
• removal of “bad” bands (bands opaque because of atmospheric water 
absorption), in regions 1339-1431 nm and 1789-1966 nm; removal of the 
region 350–439 nm that did not correspond to the HyMap or Hyperion image 
bands and above 2433 nm because of extreme noise, leaving 1701 useable 
bands; and 
• application of smoothing filters. 
Specific details relating to underlined bullet points are outlined below. 
Removal of detector shifts 
In order to ensure the integrity of the spectra, the effects of the slight shifts between the ASD 
detectors were removed. This was performed by applying a “de-stepping” routine developed 
in IDL (Interactive Data Language) together with staff at CSIRO, Land and Water, Remote 
Sensing Group. The procedure is explained as: 
The de-stepping procedure works by assessing the actual difference at 
the step between the detectors in the spectrum, it then takes the 
midpoint in the step as the new point where the corrected spectrum 
should pass through. The program then tilts each of the three spectral 
segments (VNIR, SWIR1, SWIR2) up or down until they pass through 
the calculated midpoints. The far ends of the spectra (350 and 2500 
nm points) are held fixed during the tilting/rotation. The tilting is 
achieved by applying a linear multiplier to the original segments to 
make the adjustments represent a scaling factor, not an offset. This 
better preserves the brightness relationship between spectral features 
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within any spectrum and this is especially important for calculating 
spectral indices. (Daniel 2003) 
The shifts in the ASD spectra are located between 975–976 nm and 1780–1781 nm for the 
HyMap 2000 and Hyperion 2002 missions, and at 980–981 nm and 1780–1781 nm for the 
ASD-2002 mission. Between the second mission in January 2002 and the third mission in 
October 2002, the ASD spectroradiometer was sent to the US for correction of some faults 
and was re-calibrated. This produced the change in wavelength in the shift between the two 
first of the three detectors (in the NIR) from 975 to 980 nm. The magnitude of the shifts was 
over 1% reflectance1 for some spectra which was considered large enough to warrant removal 
(Figure 130). 
 
Figure 130 Plot of two spectra showing the original shift between the detectors at 975-976 nm and the two 
spectra resulting from the de-stepping procedure. Original spectra are shown in yellow and red, and 
processed spectra in green and blue. 
 
 
 
                                                
1
 A 1% step in absolute reflectance may seem small and only represents a 2.5 to 3% shift in the reflectance value 
on a typical plant red-edge spectrum. However, the same 1% absolute step in a dark target (say reflectance of 
0.05) corresponds to a 20% shift which is proportionally far more serious. 
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Removal of atmospheric water vapour absorption bands 
EMR is greatly perturbed due to strong absorption by atmospheric water vapour in the regions 
around 1380 nm and 1850 nm. Spectra within these regions are dominated by random 
instrument noise superimposed on the near-zero signal. In the calculation of reflectance from 
separate target and reference panel radiances, division of a small random number by another 
small random number can produce large, non-sensible spikes in the spectrum (Center for the 
Study of Earth from Space (CSES) 2004). These regions are well known to have a low signal 
to noise ratio (SNR) and were therefore removed and omitted from analysis. The regions 
removed were 1339–1431 nm and 1789–1966 nm. The region beyond 2433 nm was also 
removed because of increasing instrument-generated noise and low SNR. The result of the 
removal of the band regions are illustrated Figure 131. 
 
 
Figure 131 Example of eight ASD field spectra after removal of “bad” band regions. 
An exception to the removal of the noisy water vapour regions was calculation of derivative 
transforms. For these, the continuous spectra were retained and the noisy regions removed 
post differentiation (see section 4.3.2.1) because the abrupt change in values would affect the 
differentiation more than if the noisy bands were retained. When included, large spikes 
resulted at the ends of the gaps.  
The region from 350–440 nm was also removed since this region was not present in the band 
regions covered by the hyperspectral HyMap or Hyperion images. However, the span of the 
removed region was changed and wavelengths of 408 nm and above were included when 
repeating analysis of continuum removed absorption feature according to tested methods 
(Curran et al. 2001; Kokaly & Clark 1999), since a major absorption feature sensitive to 
chlorophyll a and b is centred at 470 nm, spanning the interval 408–518 nm. 
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APPENDIX H  
IMAGE PROCESSING 
1 Georeferencing 
 
Table 98 Approximate discrepancies between HyMap images and GIS paddock boundaries in meters (m) after 
georeferencing using HyMap lookup tables. 
HyMap 
image 
GIS data UL 
discrepancy*  
m UR 
discrepancy*   
m LL 
discrepancy*  
m LR 
discrepancy*  
m 
PVI Paddock 
boundaries 
N–S  
E–W 
12 
6 
N–S 
E–W 
12 
6 
N–S 
E–W 
12 
6 
N–S 
E–W 
20 
5 
LTPE Paddock 
boundaries 
N–S 
E–W 
30 
37 
N–S 
E–W 
45 
35 
N–S 
E–W 
15 
27 
N–S 
E–W 
16 
30 
Ellinbank Paddock 
boundaries 
N–S  
E–W 
21 
6 
N–S 
E–W 
27 
7 
N–S 
E–W 
30 
7 
N–S 
E–W 
17 
3 
Vasey Paddock 
boundaries 
N/A  N/A  N/A  N/A  
*Underlined aspect represents displacement direction of image relative to vector data. 
 
 
  377 
APPENDIX I  
SMLR TABLES AND RESULTS 
1 Table of assumptions for SMLR analysis 
 
Table 99 List of assumptions for SMLR with descriptions. Modified from (Jago 1998) and (Kumar et al. 2001). 
Assumptions types Description Comment 
Variable numbers At least as many samples as x-variables, 
spectral overlap of individual chemical 
constituents cause multi collinearity 
problem 
More spectral bands (x-variables) than 
samples are common in spectrometry 
Relationships between 
variables 
Linear relationship Relationship between variable of 
interest and spectra are not always 
linear 
 
Lack of autocorrelation Spectral bands are often correlated in 
some regions of spectrum 
 
Lack of collinearity Spectral overlap of individual 
chemical constituents cause multi 
collinearity problem 
 
Lack of homoscedasticity Assumption of homogeneity of 
variance, i.e. plots of x versus y is an 
oval shape centred around the mean 
Characteristics of data 
distributions 
Normality equal variance Sample data not always normally 
distributed  
Data capture Data measurements should be error free Often violated ground truth 
SMLR regression 
equation 
Too many variables are used in the model 
causing overfitting 
Can explain a high proportion of the 
noise or un-informative variation 
rather than true attribute information 
 
Only a few variables make up regression 
equation 
The loss of information and resulting 
increase in signal to noise ratio when 
reducing all the available data to a few 
selected wavelengths for the 
calibration equation 
 
Wavelength selection  There is potential that the best fitting 
wavelength combination fits the 
random errors as well as the model 
Wavelength selection is unstable and 
arbitrary and cannot be related to 
features with known chemical or 
physical basis 
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2 Tables of SMLR R2 for full spectra transforms  
The following tables lists the R2 values resulting from SMLR analysis for each of the six 
pasture attributes. Both the R2 for the first regressor term and the 5th are listed for reflectance 
and the seven smoothing filter sizes across the eight transform types (56 different transforms).  
The p-value to enter used was the default 0.250. This sometimes caused the stepwise 
procedure to pick less than 5 regressor terms. This occurred for water and reflectance – the 
broadest filter version, for digestibility and reflectance – three filter versions, for lignin and 
reflectance – two filter versions as well as for the log1/R transform – all filter versions, and 
for cellulose for the 1/R transform for un-smoothed and two filter versions.  
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Table 100 SMLR R2 first and fifth regressor across full spectrum transforms and smoothing filter versions. a) chlorophyll b) water c) crude protein d) digestibility e) lignin  
 f) cellulose 
a) chlorophyll mg/g 
chloro-
phyll 
mg/g 
R R-D 1R 1R-D  LOG1R LOG1R-D  CR CR-D  
Filter 
type 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.30 0.60 0.40 0.75 0.26 0.54 0.38 0.71 0.32 0.55 0.50 0.77 0.39 0.68 0.48 0.72 
7-2 0.30 0.59 0.39 0.66 0.27 0.54 0.38 0.69 0.32 0.55 0.49 0.75 0.39 0.68 0.46 0.72 
11-2 0.30 0.62 0.39 0.61 0.27 0.55 0.38 0.67 0.30 0.61 0.48 0.72 0.39 0.66 0.46 0.69 
21-2 0.30 0.57 0.40 0.67 0.26 0.52 0.37 0.62 0.30 0.55 0.47 0.72 0.38 0.59 0.46 0.69 
31-2 0.30 0.55 0.38 0.58 0.26 0.52 0.36 0.66 0.30 0.60 0.45 0.68 0.38 0.60 0.45 0.68 
41-2 0.30 0.51 0.39 0.57 0.26 0.51 0.35 0.66 0.30 0.55 0.43 0.71 0.38 0.58 0.45 0.69 
71-2 0.30 0.49 0.38 0.53 0.26 0.48 0.36 0.58 0.31 0.54 0.46 0.65 0.38 0.55 0.46 0.68 
b) water mg/g 
water 
mg/g 
R R-D 1R 1R-D  LOG1R LOG1R-D  CR CR-D  
Filter 
type 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.83 0.94 0.89 0.96 0.62 0.75 0.70 0.85 0.80 0.88 0.79 0.91 0.81 0.88 0.81 0.93 
7-2 0.83 0.93 0.86 0.92 0.59 0.68 0.65 0.80 0.75 0.83 0.74 0.88 0.81 0.90 0.81 0.94 
11-2 0.83 0.93 0.85 0.91 0.59 0.68 0.66 0.83 0.75 0.83 0.74 0.85 0.81 0.89 0.82 0.95 
21-2 0.82 0.92 0.85 0.90 0.59 0.69 0.67 0.76 0.75 0.82 0.74 0.85 0.81 0.89 0.82 0.93 
31-2 0.82 0.92 0.84 0.89 0.59 0.69 0.68 0.77 0.75 0.81 0.78 0.87 0.81 0.90 0.83 0.93 
41-2 0.82 0.92 0.84 0.90 0.59 0.73 0.69 0.78 0.75 0.81 0.77 0.85 0.81 0.90 0.82 0.92 
71-2 0.82 0.92 0.83 0.90 0.58 - 0.69 0.78 0.75 0.81 0.75 0.83 0.81 0.91 0.82 0.92 
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d) %digestibility 
%digestibility R R-D 1R 1R-D  LOG1R LOG1R-D  CR CR-D  
Filter type R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.41 0.68 0.62 0.79 0.56 0.76 0.60 0.79 0.54 0.81 0.65 0.87 0.63 0.81 0.63 0.81 
7-2 0.41 - 0.59 0.76 0.54 0.69 0.58 0.74 0.52 0.78 0.62 0.79 0.63 0.81 0.63 0.81 
11-2 0.41 - 0.36 0.66 0.54 0.75 0.57 0.78 0.51 0.78 0.62 0.79 0.63 0.79 0.62 0.79 
21-2 0.41 - 0.59 0.78 0.53 0.75 0.58 0.76 0.51 0.77 0.62 0.80 0.63 0.81 0.63 0.82 
31-2 0.41 0.67 0.59 0.78 0.52 0.72 0.62 0.77 0.51 0.75 0.63 0.79 0.62 0.82 0.63 0.80 
41-2 0.41 0.67 0.59 0.78 0.52 0.71 0.59 0.77 0.51 0.76 0.63 0.80 0.62 0.82 0.62 0.80 
71-2 0.41 0.67 0.59 0.78 0.52 0.71 0.60 0.77 0.51 0.76 0.64 0.80 0.62 0.82 0.69 0.80 
 
e) crude protein 
%crude 
protein 
R R-D 1R 1R-D  LOG1R LOG1R-D  CR CR-D  
Filter 
type 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.43 0.68 0.54 0.76 0.34 0.67 0.47 0.72 0.36 0.67 0.47 0.71 0.35 0.55 0.37 0.63 
7-2 0.43 0.68 0.53 0.73 0.33 0.65 0.45 0.74 0.36 0.68 0.46 0.68 0.35 0.56 0.37 0.64 
11-2 0.43 0.68 0.53 0.73 0.33 0.62 0.42 0.71 0.36 0.68 0.47 0.69 0.35 0.55 0.39 0.63 
21-2 0.42 0.68 0.53 0.73 0.33 0.60 0.43 0.68 0.35 0.67 0.47 0.77 0.34 0.53 0.37 0.64 
31-2 0.42 0.68 0.53 0.71 0.33 0.59 0.41 0.66 0.35 0.66 0.47 0.75 0.34 0.53 0.36 0.64 
41-2 0.42 0.68 0.52 0.73 0.32 0.58 0.42 0.71 0.35 0.65 0.46 0.76 0.34 0.56 0.41 0.71 
71-2 0.42 0.68 0.51 0.73 0.32 0.59 0.43 0.75 0.35 0.66 0.52 0.77 0.34 0.60 0.50 0.74 
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f) %lignin 
% 
lignin 
R R-D 1R 1R-D  LOG1R LOG1R-D  CR CR-D  
Filter 
type 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.08 0.30 0.12 0.50 0.09 0.33 0.21 0.58 0.09 - 0.14 0.54 0.09 0.33 0.14 0.58 
7-2 0.08 0.25 0.11 0.51 0.09 0.33 0.18 0.50 0.09 - 0.13 0.56 0.08 0.31 0.13 0.51 
11-2 0.08 0.24 0.10 0.54 0.09 0.33 0.17 0.56 0.09 - 0.13 0.57 0.06 0.32 0.14 0.51 
21-2 0.08 0.30 0.09 0.41 0.09 0.32 0.25 0.53 0.09 - 0.20 0.63 0.06 0.28 0.14 0.55 
31-2 0.08 0.30 0.10 0.38 0.09 0.32 0.16 0.47 0.09 - 0.13 0.52 0.06 0.28 0.12 0.50 
41-2 0.08 - 0.14 0.37 0.09 0.31 0.14 0.38 0.09 - 0.14 0.51 0.06 0.31 0.11 0.39 
71-2 0.08 - 0.16 0.35 0.09 0.28 0.15 0.50 0.09 - 0.12 0.47 0.06 0.28 0.11 0.46 
 
g) %cellulose 
% 
cellulose 
R R-D 1R 1R-D  LOG1R LOG1R-D  CR CR-D  
Filter 
type 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.24 0.52 0.36 0.70 0.20 - 0.27 0.56 0.23 0.44 0.35 0.68 0.23 0.52 0.26 0.68 
7-2 0.24 0.51 0.36 0.72 0.20 - 0.27 0.59 0.23 0.44 0.34 0.67 0.23 0.48 0.25 0.66 
11-2 0.24 0.51 0.36 0.66 0.20 0.45 0.30 0.60 0.23 0.44 0.32 0.68 0.23 0.49 0.27 0.66 
21-2 0.24 0.49 0.35 0.63 0.20 - 0.29 0.60 0.23 0.47 0.36 0.71 0.23 0.47 0.28 0.63 
31-2 0.24 0.50 0.35 0.64 0.20 0.34 0.27 0.53 0.23 0.44 0.33 0.68 0.23 0.47 0.30 0.63 
41-2 0.24 0.51 0.34 0.59 0.20 0.32 0.26 0.47 0.23 0.44 0.34 0.65 0.23 0.44 0.30 0.62 
71-2 0.24 0.47 0.34 0.63 0.20 0.37 0.30 0.62 0.23 0.45 0.35 0.65 0.22 0.39 0.34 0.64 
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3 Tables of SMLR R2 for absorption feature spectra  
 
The following tables lists the R2 values resulting from SMLR analysis for each of the six pasture attributes. Both the R2 for the first regressor 
term and the 5th are listed for reflectance and the seven smoothing filter sizes across three transform types (21 different transforms). The results 
for the 16 best transforms are marked in yellow. The smoothing filter version for each transform giving the highest R2 is marked with bold 
typeface. 
 
Table 101 SMLR R2 first and fifth regressor across abs-feature spectrum transforms and smoothing filter versions. a) chlorophyll and water (mg/g) b) %crude protein and 
%digestibility (of DM) c) %lignin and %cellulose (of DM) 
a) chlorophyll mg/g 
chlorophyll 
mg/g 
DEP-D  BNA  BNA-D water 
mass 
mg/g  
DEP-D  BNA  BNA-D 
Filter type R2 1st 
regress
or term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
Filter 
type 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.43 0.73 0.57 0.76 0.33 0.65 none 0.82 0.92 0.73 0.93 0.80 0.93 
7-2 0.41 0.73 0.55 0.74 0.32 0.65 7-2 0.82 0.92 0.73 0.94 0.75 0.93 
11-2 0.43 0.72 0.54 0.74 0.33 0.67 11-2 0.82 0.91 0.73 0.95 0.68 0.94 
21-2 0.40 0.72 0.49 0.73 0.31 0.70 21-2 0.81 0.92 0.73 0.93 0.80 0.94 
31-2 0.40 0.71 0.50 0.71 0.41 0.74 31-2 0.81 0.92 0.73 0.93 0.84 0.95 
41-2 0.40 0.66 0.48 0.74 0.32 0.68 41-2 0.82 0.93 0.74 0.93 0.83 0.95 
71-2 0.38 0.68 0.37 0.66 0.30 0.64 71-2 0.82 0.91 0.75 0.91 0.83 0.93 
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b) %digestibility and %crude protein (of DM) 
% 
digesti-
bility 
DEP-D  BNA  BNA-D % 
crude 
protein  
DEP-D  BNA  BNA-D 
Filter type R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
Filter 
type 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.65 0.80 0.63 0.82 0.60 0.81 none 0.40 0.63 0.54 0.77 0.38 0.71 
7-2 0.66 0.81 0.63 0.81 0.61 0.80 7-2 0.40 0.62 0.54 0.76 0.38 0.68 
11-2 0.66 0.81 0.63 0.80 0.59 0.79 11-2 0.40 0.62 0.53 0.73 0.38 0.76 
21-2 0.68 0.81 0.62 0.79 0.60 0.81 21-2 0.40 0.64 0.52 0.73 0.38 0.71 
31-2 0.66 0.80 0.62 0.80 0.62 0.82 31-2 0.40 0.62 0.50 0.71 0.41 0.70 
41-2 0.66 0.82 0.64 0.79 0.62 0.83 41-2 0.40 0.63 0.52 0.72 0.42 0.74 
71-2 0.68 0.82 0.63 0.81 0.63 0.81 71-2 0.41 0.68 0.52 0.76 0.46 0.78 
c) %lignin and %cellulose (of DM) 
% lignin DEP-D  BNA  BNA-D %cellu-lose DEP-D  BNA  BNA-D 
Filter type R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
Filter type R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
R2 1st 
regressor 
term 
R2 5th 
regressor 
term 
none 0.14 0.59 0.14 0.47 0.22 0.63 none 0.26 0.67 0.39 0.72 0.31 0.62 
7-2 0.12 0.53 0.20 0.52 0.20 0.60 7-2 0.26 0.67 0.40 0.67 0.31 0.71 
11-2 0.17 0.51 0.22 0.49 0.28 0.62 11-2 0.26 0.68 0.43 0.72 0.29 0.65 
21-2 0.23 0.59 0.21 0.56 0.28 0.66 21-2 0.26 0.64 0.38 0.68 0.32 0.60 
31-2 0.10 0.57 0.21 0.55 0.21 0.58 31-2 0.25 0.72 0.43 0.67 0.33 0.67 
41-2 0.18 0.48 0.17 0.51 0.21 0.63 41-2 0.25 0.67 0.44 0.67 0.31 0.68 
71-2 0.10 0.47 0.22 0.49 0.26 0.66 71-2 0.36 0.65 0.38 0.68 0.30 0.67 
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4 Table of SMLR results for all 77 transforms. 
Table 102 Table of R2 for all 77 transforms sorted on R2 for the fifth SMLR regressor term. 
The 10 highest R2 values transforms are shaded grey with absorption feature transforms marked with bold typeface. Raw reflectance results are marked with a black 
box. 
chlorophyll  
mg/g  
R2 water mass 
mg/g 
R2 %digestibility 
(of DM) 
R2 %crude protein 
(of DM) 
R2 %lignin 
(of DM) 
R2 %cellulose 
(of DM) 
R2 
LOG1R-D 0.77 R-D 0.96 LOG1R-D 0.87 71-BNA-D 0.78 21-BNA-D 0.66 11-BNA 0.72 
BNA 0.76 41-BNA-D 0.95 71-CR-D 0.84 21-LOG1R-D 0.77 71-BNA-D 0.66 31-DEP-D 0.72 
7-LOG1R-D 0.75 11-BNA 0.95 41-BNA-D 0.83 71-LOG1R-D 0.77 41-BNA-D 0.63 7-R-D 0.72 
R-D 0.75 11-CR-D 0.95 41-DEP-D 0.82 BNA 0.77 BNA-D 0.63 BNA 0.72 
31-BNA-D 0.74 31-BNA-D 0.95 71-CR 0.82 41-LOG1R-D 0.76 21-LOG1R-D 0.63 7-BNA-D 0.71 
11-BNA 0.74 7-BNA 0.94 31-CR 0.82 7-BNA 0.76 11-BNA-D 0.62 21-LOG1R-D 0.71 
7-BNA 0.74 R 0.94 71-DEP-D 0.82 71-BNA 0.76 7-BNA-D 0.60 R-D 0.70 
41-BNA 0.74 21-BNA-D 0.94 31-BNA-D 0.82 11-BNA-D 0.76 DEP-D 0.59 31-LOG1R-D 0.68 
7-DEP-D 0.73 11-BNA-D 0.94 41-CR 0.82 R-D 0.76 21-DEP-D 0.59 21-BNA 0.68 
DEP-D 0.73 7-CR-D 0.94 21-CR-D 0.82 71-1R-D 0.75 CR-D 0.58 11-DEP-D 0.68 
21-BNA 0.73 BNA 0.93 BNA 0.82 31-LOG1R-D 0.75 1R-D 0.58 CR-D 0.68 
11-LOG1R-D 0.72 21-BNA 0.93 CR 0.81 41-BNA-D 0.74 31-BNA-D 0.58 LOG1R-D 0.68 
CR-D 0.72 7-R 0.93 7-CR-D 0.81 71-CR-D 0.74 11-LOG1R-D 0.57 71-BNA 0.68 
21-LOG1R-D 0.72 31-BNA 0.93 LOG1R 0.81 7-1R-D 0.74 31-DEP-D 0.57 11-LOG1R-D 0.68 
11-DEP-D 0.72 CR-D 0.93 71-BNA 0.81 21-BNA 0.73 11-1R-D 0.56 41-BNA-D 0.68 
7-CR-D 0.72 41-DEP-D 0.93 71-BNA-D 0.81 7-R-D 0.73 21-BNA 0.56 7-BNA 0.67 
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chlorophyll  
mg/g  
R2 water mass 
mg/g 
R2 %digestibility 
(of DM) 
R2 %crude protein 
(of DM) 
R2 %lignin 
(of DM) 
R2 %cellulose 
(of DM) 
R2 
21-DEP-D 0.72 71-BNA-D 0.93 7-CR 0.81 71-R-D 0.73 7-LOG1R-D 0.56 41-BNA 0.67 
1R-D 0.71 41-BNA 0.93 21-CR 0.81 11-BNA 0.73 31-BNA 0.55 41-DEP-D 0.67 
31-DEP-D 0.71 11-R 0.93 21-DEP-D 0.81 21-R-D 0.73 21-CR-D 0.55 71-BNA-D 0.67 
41-LOG1R-D 0.71 7-BNA-D 0.93 11-DEP-D 0.81 11-R-D 0.73 LOG1R-D 0.54 DEP-D 0.67 
31-BNA 0.71 31-CR-D 0.93 7-BNA 0.81 41-R-D 0.73 11-R-D 0.54 7-LOG1R-D 0.67 
21-BNA-D 0.70 BNA-D 0.93 7-DEP-D 0.81 1R-D 0.72 21-1R-D 0.53 31-BNA 0.67 
7-1R-D 0.69 21-CR-D 0.93 BNA-D 0.81 41-BNA 0.72 7-DEP-D 0.53 7-DEP-D 0.67 
11-CR-D 0.69 21-R 0.92 CR-D 0.81 LOG1R-D 0.71 7-BNA 0.52 31-BNA-D 0.67 
21-CR-D 0.69 41-CR-D 0.92 21-BNA-D 0.81 41-1R-D 0.71 31-LOG1R-D 0.52 11-CR-D 0.66 
41-CR-D 0.69 7-R-D 0.92 71-LOG1R-D 0.80 31-D 0.71 7-R-D 0.51 7-CR-D 0.66 
41-BNA-D 0.68 31-DEP-D 0.92 31-DEP-D 0.80 BNA-D 0.71 41-LOG1R-D 0.51 11-R-D 0.66 
7-CR 0.68 71-CR-D 0.92 41-CR-D 0.80 31-BNA 0.71 41-BNA 0.51 71-DEP-D 0.65 
CR 0.68 7-DEP-D 0.92 41-LOG1R-D 0.80 11-1R-D 0.71 11-CR-D 0.51 71-LOG1R-D 0.65 
71-CR-D 0.68 31-R 0.92 7-BNA-D 0.80 41-CR-D 0.71 7-CR-D 0.51 11-BNA-D 0.65 
31-LOG1R-D 0.68 41-R 0.92 21-LOG1R-D 0.80 21-BNA-D 0.71 11-DEP-D 0.51 41-LOG1R-D 0.65 
31-CR-D 0.68 71-R 0.92 11-BNA 0.80 31-BNA-D 0.70 7-1R-D 0.50 21-DEP-D 0.64 
71-DEP-D 0.68 DEP-D 0.92 DEP-D 0.80 11-LOG1R-D 0.69 31-CR-D 0.50 31-R-D 0.64 
11-1R-D 0.67 21-DEP-D 0.92 31-BNA 0.80 11-LOG1R 0.68 71-1R-D 0.50 71-CR-D 0.64 
21-R-D 0.67 11-DEP-D 0.91 31-CR-D 0.80 7-LOG1R 0.68 R-D 0.50 21-CR-D 0.63 
11-BNA-D 0.67 LOG1R-D 0.91 11-CR-D 0.79 71-DEP-D 0.68 11-BNA 0.49 31-CR-D 0.63 
11-CR 0.66 11-R-D 0.91 11-BNA-D 0.79 21-1R-D 0.68 71-BNA 0.49 71-R-D 0.63 
71-BNA 0.66 71-DEP-D 0.91 7-LOG1R-D 0.79 7-LOG1R-D 0.68 41-DEP-D 0.48 21-R-D 0.63 
7-R-D 0.66 71-BNA 0.91 31-LOG1R-D 0.79 21-R 0.68 71-LOG1R-D 0.47 BNA-D 0.62 
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chlorophyll  
mg/g  
R2 water mass 
mg/g 
R2 %digestibility 
(of DM) 
R2 %crude protein 
(of DM) 
R2 %lignin 
(of DM) 
R2 %cellulose 
(of DM) 
R2 
41-1R-D 0.66 71-CR 0.91 21-BNA 0.79 71-R 0.68 31-1R-D 0.47 71-1R-D 0.62 
31-1R-D 0.66 71-R-D 0.90 71-LOG1R 0.79 31-R 0.68 BNA 0.47 41-CR-D 0.62 
41-DEP-D 0.66 41-R-D 0.90 41-BNA 0.79 41-R 0.68 71-DEP-D 0.47 21-1R-D 0.60 
7-BNA-D 0.65 41-CR 0.90 R-D 0.79 7-R 0.68 71-CR-D 0.46 11-1R-D 0.60 
BNA-D 0.65 21-R-D 0.90 11-CR 0.79 R 0.68 21-R-D 0.41 21-BNA-D 0.60 
71-LOG1R-D 0.65 7-CR 0.90 1R-D 0.79 7-BNA-D 0.68 41-CR-D 0.39 7-1R-D 0.59 
71-BNA-D 0.64 31-CR 0.90 11-LOG1R-D 0.79 11-R 0.68 31-R-D 0.38 41-R-D 0.59 
11-R 0.62 11-CR 0.89 11-LOG1R 0.78 21-LOG1R 0.67 41-1R-D 0.38 1R-D 0.56 
21-1R-D 0.62 31-R-D 0.89 31-R-D 0.78 LOG1R 0.67 41-R-D 0.37 31-1R-D 0.53 
11-R-D 0.61 21-CR 0.89 7-LOG1R 0.78 1R 0.67 71-R-D 0.35 CR 0.52 
11-LOG1R 0.61 7-LOG1R-D 0.88 21-R-D 0.78 31-LOG1R 0.66 1R 0.33 R 0.52 
31-LOG1R 0.60 CR 0.88 11-1R-D 0.78 71-LOG1R 0.66 CR 0.33 7-R 0.51 
R 0.60 LOG1R 0.88 41-R-D 0.78 31-1R-D 0.66 7-1R 0.33 11-R 0.51 
31-CR 0.60 31-LOG1R-D 0.87 41-1R-D 0.77 41-LOG1R 0.65 11-1R 0.33 41-R 0.51 
7-R 0.59 21-LOG1R-D 0.85 21-LOG1R 0.77 7-1R 0.65 21-1R 0.32 31-R 0.50 
21-CR 0.59 11-LOG1R-D 0.85 31-1R-D 0.77 31-CR-D 0.64 31-1R 0.32 21-R 0.49 
41-CR 0.58 41-LOG1R-D 0.85 71-1R-D 0.77 21-CR-D 0.64 11-CR 0.32 11-CR 0.49 
31-D 0.58 1R-D 0.85 1R 0.76 7-CR-D 0.64 41-1R 0.31 7-CR 0.48 
71-1R-D 0.58 11-LOG1R 0.83 41-LOG1R 0.76 21-DEP-D 0.64 7-CR 0.31 41-1R-D 0.47 
41-R-D 0.57 7-LOG1R 0.83 21-1R-D 0.76 DEP-D 0.63 41-CR 0.31 21-CR 0.47 
21-R 0.57 11-1R-D 0.83 7-R-D 0.76 11-CR-D 0.63 21-R 0.30 71-R 0.47 
21-LOG1R 0.55 71-LOG1R-D 0.83 31-LOG1R 0.75 CR-D 0.63 R 0.30 31-CR 0.47 
71-CR 0.55 21-LOG1R 0.82 21-1R 0.75 41-DEP-D 0.63 31-R 0.30 21-LOG1R 0.47 
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chlorophyll  
mg/g  
R2 water mass 
mg/g 
R2 %digestibility 
(of DM) 
R2 %crude protein 
(of DM) 
R2 %lignin 
(of DM) 
R2 %cellulose 
(of DM) 
R2 
11-1R 0.55 31-LOG1R 0.81 11-1R 0.75 31-DEP-D 0.62 71-CR 0.28 11-1R 0.45 
41-LOG1R 0.55 41-LOG1R 0.81 7-1R-D 0.74 11-1R 0.62 31-CR 0.28 71-LOG1R 0.45 
LOG1R 0.55 71-LOG1R 0.81 71-R-D 0.74 7-DEP-D 0.62 21-CR 0.28 LOG1R 0.44 
7-LOG1R 0.55 7-1R-D 0.80 31-1R 0.72 11-DEP-D 0.62 71-1R 0.28 41-LOG1R 0.44 
31-R 0.55 41-1R-D 0.78 41-1R 0.71 71-CR 0.60 7-R 0.25 11-LOG1R 0.44 
7-1R 0.54 71-1R-D 0.78 7-1R 0.69 21-1R 0.60 11-R 0.24 7-LOG1R 0.44 
1R 0.54 31-1R-D 0.77 71-1R 0.68 31-1R 0.59 LOG1R n/a 41-CR 0.44 
71-LOG1R 0.54 21-1R-D 0.76 R 0.68 71-1R 0.59 7-LOG1R n/a 31-LOG1R 0.44 
71-R-D 0.53 1R 0.75 71-R 0.68 41-1R 0.58 11-LOG1R n/a 71-CR 0.39 
21-1R 0.52 41-1R 0.73 31-R 0.67 41-CR 0.56 21-LOG1R n/a 71-1R 0.37 
31-1R 0.52 21-1R 0.69 41-R 0.67 7-CR 0.56 31-LOG1R n/a 31-1R 0.34 
41-1R 0.51 31-1R 0.69 11-R-D 0.66 CR 0.55 41-R n/a 41-1R 0.32 
41-R 0.51 11-1R 0.68 7-R n/a 11-CR 0.55 41-LOG1R n/a 1R n/a 
71-R 0.49 7-1R 0.68 11-R n/a 21-CR 0.53 71-R n/a 7-1R n/a 
71-1R 0.48 71-1R n/a 21-R n/a 31-CR 0.53 71-LOG1R n/a 21-1R n/a 
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5 Bar plots of SMLR coefficients of determination for the six 
pasture attributes 
The following six pages show bar plots of the distribution of all transforms on the R2 values 
(from SMLR five regressor terms) sorted in descending order, for the six pasture attributes 
respectively (Figure 132–Figure 137). For each attribute two bar plots are shown, one for full 
spectra transform types and one for abs-feature spectra types. The names of the transforms 
were divided into three sections, e.g. 41----log1R----D, and means that a 41 nm filter had been 
applied to reflectance R, it had then been log-transformed and a first derivative transformation 
applied. Comments on the resultant transform distribution from SMLR are provided for each 
attribute separately on each page. The source R2 values for each of the 77 transforms are listed 
in Table 102. 
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Figure 132 Full spectra SMLR R2 for chlorophyll mg/g  
(5 regressor terms, range = 0.77–0.38, n = 87) 
 
Figure 133 Abs-feature spectra SMLR R2 for 
chlorophyll mg/g  
(5 regressor terms, range = 0.76–0.64, 
n= 87) 
 
 
 
 
 
 
For chlorophyll mg/g, (n = 87) the R2 results from SMLR relating to transform performance are 
graphically summarised in Figure 132 and Figure 133. 
• All abs-feature spectra produced as high R2 values as the top three full spectra 
• The highest r2 values were similar for the full spectra and the abs-feature spectra 
Full spectra: 
• First derivative log(1/R) transforms (*--log1R--D), produced the highest R2 values 
• First derivatives (*--*--D) of all transforms dominated the higher R2 range 
• Lowest R2 values are produced by 1/R transforms (*--1R--*) and wide filter 
reflectance 
• Narrower smoothing filter produced slightly higher R2 values for full spectra 
Abs-feature spectra: Band normalised to absorption feature area (*--BNA--*) had the highest R2 
values 
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Figure 134 Full spectra SMLR R2 for water mg/g  
(5 regressor terms, range is 0.96–0.76, n = 58) 
 
Figure 135 Abs-feature SMLR r2 for water mg/g  
(5 regressor terms, range = 0.95–0.91, n = 
58) 
 
 
 
 
 
 
 
For water mass mg/g, (n = 58) the R2 results from SMLR relating to transform performance are 
graphically summarised in Figure 134 and Figure 135.  
• All abs-feature spectra produced as high R2 values as the top six full spectra 
Full spectra: 
• Reflectance, first derivative reflectance and CR transforms (*----D), produced the 
highest R2 values 
• 1/R transforms (*--1R--*) and wide filter reflectance produced the lowest R2 values 
• No or narrow smoothing filter seemed to produced slightly higher R2 values 
• The SMLR probability to enter value of 0.250 produced less than five terms for one 
transform, 71-1R 
Abs-feature spectra: 
• Band normalised to the area of the absorption feature (*--BNA--) regardless of 
derivative had the largest R2 values 
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Figure 136 Full spectra SMLR R2 for %crude protein  
(5 regressor terms, range = 0.77–0.55, n = 75) 
 
Figure 137 Abs-feature spectra SMLR R2 for 
%crude protein (5 regressor terms, range = 0.78–
0.62, n = 75) 
 
 
 
 
 
 
For %crude protein, (n = 75) the R2 results from SMLR relating to transform performance are 
graphically summarised in Figure 136 and Figure 137.  
• The highest R2 values were higher for the full spectra than the abs-feature spectra. 
For full spectra: 
• First derivative log(1/R) transforms (*--log1R--D), produced the highest R2 values 
• First derivatives (*--*--D) of all transforms except CR, dominated the higher R2 rangeSize of 
smoothing filter did not seem to affect R2 values 
For abs-feature spectra: 
• Band normalised to absorption feature area (*--BNA--) had the highest R2 values for abs-
feature spectra 
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Figure 138 Full spectra SMLR R2 for %digestibility  
(5 regressor terms, range = 0.87–0.66, n = 75) 
 
Figure 139 Abs-feature spectra SMLR R2 for 
%digestibility (5 regressor terms, range = 
0.83–0.79, n = 75) 
 
 
 
 
 
For %digestibility, (n = 75) the R2 results from SMLR relating to transform performance are 
graphically summarised in Figure 138 and Figure 139.  
• The highest R2 values were higher for the full spectra compared to the abs-feature spectra 
Full spectra: 
• CR transforms (*--CR--*) derivated or not dominated the high R2 values (although first 
derivative of reflectance log1R is highest) 
• 1R transforms and reflectance produced the lowest R2 values 
• Wider smoothing filter for CR slightly affected R2 values 
• The SMLR probability to enter value of 0.250 produced less than five terms for 3, R versions. 
Abs-feature spectra: 
• No transform seemed to perform better than the other 
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Figure 140 Full spectra SMLR R2 for %lignin  
(5 regressor terms, range = 0.63–0.24, n = 82) 
 
Figure 141 Abs-feature spectra SMLR R2 for 
%lignin (5 regressor terms, range = 0.66–
0.47, n = 82) 
 
 
 
 
 
For %lignin, (n = 82) the R2 results from SMLR relating to transform performance are graphically 
summarised in Figure 140 and Figure 141. 
• The highest R2 values were higher for the abs-feature spectra than the full spectra 
• Size of smoothing filter did not seem affect R2 values 
• The SMLR probability to enter value of 0.250 produced less than five terms for 9 full spectra 
transforms, mainly LOG1R and R transforms. 
Full spectra: 
• First derivatives (*--*--D) of all transforms, dominated the higher R2 range 
• First derivative of 1/R are provided some of the higher R2 values 
• Log(1/R) and CR transforms produced the lowest R2 values 
Abs-feature spectra: 
• First derivative of the transform Band normalised to Absorption feature area (*--BNA--) had 
the highest R2 values for absfeature spectra 
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Figure 142 Full spectra SMLR R2 for %cellulose  
(5 regressor terms, range = 0.72–0.32, n = 82) 
 
Figure 143 Abs-feature spectra SMLR R2 for 
%cellulose (5 regressor terms, range = 
0.72–0.60, n = 82) 
 
' 
 
 
 
 
For %cellulose, (n = 82) the R2 results from SMLR relating to transform performance are graphically 
summarised in Figure 142 and Figure 143. 3 full spectra transform did not yield 5 regressor terms. 
• The SMLR probability to enter value of 0.250 produced less than five terms for 3 full 
spectra transforms.  
• The highest R2 values were similar for the full spectra and the absfeature spectra 
Full spectra: 
• First derivatives (*--*--D) of all transforms except 1R, dominated the higher R2 range 
• The lowest R2 values were produced by log (1/R) and 1/R transforms 
• Size of smoothing filter did not seem affect R2 values 
Abs-feature spectra: No trends were visible for either filter size or transform for absfeature spectra. 
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6 SMLR R2 sensitivity to sample size 
Sample size can influence the coefficients of determination from SMLR. The SMLR R2 
values for the transforms and data subsets used in this research were regressed against sample 
size n for the different attributes (Table 103) to investigate if a correlation was evident. The 
resultant coefficients of determination were for all attributes significant (p<0.05) and confirms 
the notion of sensitivity in SMLR to sample size. 
Table 103 Results from linear regression of SMLR R2 values and sample size n. Coefficients of determination R2 
values were derived from analysis of the four sample subsets and the 7 transforms (p<0.05) 
Pasture attribute R2 
chlorophyll mg/g 0.80 
water mg/g 0.59 
%crude protein 0.39 
%digestibility 0.33 
%lignin 0.57 
%cellulose 0.45 
 
7 Transform group distribution results for 10 best transforms 
based on highest R2 
Table 104 Distribution across transforms of the 10 with the highest R2 for each attribute. The table cells are 
coloured differently according to count, 0=blue, 1=dark green, 2=light green, 3=yellow, 4=orange The 
summary count of the four highest scoring transform groups are highlighted in bold. 
 R R- 
D 
LOG1R LOG1R-
D 
1R 1R- 
D 
CR CR-
D 
DEP-
D 
BNA BNA-
D 
chlorophyll 
mg/g 
0 1 0 2 0 0 0 0 2 4 1 
water mg/g 1 1 0 0 0 0 0 2 0 2 4 
%crude 
protein 
0 1 0 3 0 1 0 0 0 3 2 
% 
digestibility 
0 0 0 1 0 0 3 2 2 0 2 
%lignin 0 0 0 1 0 0 0 1 2 0 6 
%cellulose 0 1 0 2 0 0 0 1 2 3 1 
Sum 1 4 0 9 0 1 3 6 8 12 16 
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Table 105 Summary count of transform category distribution for the 10 best transforms with the highest SMLR 
R2 results for each attribute. Colours according to count. 0–1 = blue, 2–3 = blue-green, 4–5 = green, 6–
7 = yellow, 8–9 =orange, 10 = red 
 Derivative 
 
Continuum 
removed 
Absorption  
feature 
Full spectra No transform 
chlorophyll 6 7 7 3 0 
water mass 7 8 6 4 1 
digestibility 7 9 4 6 0 
crude protein 7 5 5 5 0 
lignin 10 9 8 2 0 
cellulose 8 6 6 4 0 
Sum (n) 45 44  36 24 1 
Percentage (of 
n=60) 
75 73 60 40 2 
 
8 Filter distribution results for 10 best transforms based on 
highest R2 
Table 106 Summary distribution of the different smoothing filters for the 10 transforms with highest R2 for each 
attribute. Coloured differently according to count, 0=blue, 1=dark green, 2=light green, 3=yellow, 
4=orange. The summary count of the three highest scoring transform groups are highlighted in bold 
 
No filter 7 nm 11 nm  21 nm 31 nm 41 nm 71 nm 
chlorophyll 4 2 1 1 0 1 0 
water mass 3 3 2 1 1 0 0 
digestibility 3 1 0 1 1 2 2 
crude protein 2 1 0 1 1 1 4 
lignin 3 1 2 3 1 0 0 
cellulose 3 1 2 3 2 0 0 
Sum 18 9 7 10 6 4 6 
Percentage        
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9 Tables of SMLR wavelength selections 
Table 107 Summary table of SMLR wavelength results for eight full spectrum transforms with highest R2. 
Wavelengths selected are coloured according to absorption feature. Red font indicates 3 or less nm 
outside major absorption feature. The R2 value for the fifth regressor is listed in bottom left corner for 
each transformation. The transforms selected for PLSR analysis are highlighted with bold type face. 
Wavelengths falling within major absorption features are shaded as: 408-518 = light green, 588-750 
=green, 1116-1284 = blue, 1652-1770 = purple, 2006-2196 = orange, 2222-2378 = yellow. 
chlorophyll water digestibility crude protein lignin cellulose 
 553  1738  526 21-2- 556 21-2- 2247 7-2 709 
LOG1R 1693 R 2256 LOG1R 448 LOG1R 1621 LOG1R 1655 R 1686 
-D 2195 -D 777 D 1222 D 1489 D 2062 D 2249 
 1769  800  1197  669  1991  1237 
0.77 2160 0.96 1000 0.87 677 0.77 2189 0.63 673 0.72 1738 
7-2-
log1r-1d 
553 11-2-cr-
1d 
2032 71-2 2234 71-2-
log1r-
672 ref-cr-
1d 
2202 21-2 2062 
 1693  762 CR 2217  1266  1173 LOG1R 1690 
 2195  1299 -D 1683  671  1657 -D 1247 
 1769  2039  2251  2280  2091  2272 
0.75 1726 0.95 1251 0.84 1660 0.77 2381 0.58 2246 0.71 2169 
ref-1d 557 ref 722 71-2-cr 449 41-2-
log1r-1d 
554  484  709 
 778  1094  2264  1630 1R 1729 R 1687 
 1033  1097  2215  1489 -D 2059 -D 1621 
 2149  1628  1966  670  1786  1122 
0.75 1469 0.94 488 0.82 2296 0.76 517 0.58 2245 0.70 1116 
11-2-
log1r-1d 
554 7-2-cr-
1d 
2033 31-2-cr 449 ref-1d 724 11-2-
log1r-1d 
1655 31-2-
log1r1d 
2050 
 1692  2365  2258  1678  552  1629 
 2190  1983  2228  886  2380  1599 
 1625  2433  2293  783  2091  2121 
0.72 1764 0.94 1998 0.82 1285 0.76 1077 0.57 1746 0.68 1260 
 553 7-2 721 41-2-cr 449 71-2 2057 11-2-1r-
1d 
482 ref-cr-
1d 
714 
CR 1693  1010  2258 1R 674  1654  678 
-D 2195  1665  2223 -D 1265  1733  1173 
 618  1613  2298  1194  2380  2090 
0.72 2237 0.93 781 0.82 1279 0.75 686 0.56 2298 0.68 1621 
21-2-
log1r-1d 
553 ref-cr-
1d 
2034 21-2-cr-
1d 
444 31-2-
log1r-1d 
555 7-2-
log1r-1d 
2201 ref-
log1r-1d 
1501 
 2005  2365  2284  1626  1625  1621 
 1433  1992  1633  1485  2091  1652 
 1263  2412  1571  673  1621  1731 
0.72 2373 0.93 1998 0.82 2233 0.75 613 0.56 2245 0.68 1256 
7-2-cr-
1d 
553 11-2 721 ref-cr 449 71-2-cr-
1d 
2239 21-2-cr-
1d 
2247 11-2-
log1r-1d 
482 
 1693  779  2261  1680  1741  2091 
 1769  1615  2233  2192  2304  1651 
 1298  1085  2296  2406  543  1046 
0.72 512 0.93 866 0.81 2256 0.74 2033 0.55 1085 0.68 1008 
ref-1r-
1d 
556 31-2 621 7-2-cr-
1d 
443 7-2-1r-
1d 
626 ref-
log1r-1d 
2201 7-2-
log1r1d 
1502 
 1693 CR 2252  2247  453  1616  1600 
 2190 -D 1086  2179  1486  2091  1704 
 1433  464  1677  1275  1621  1121 
0.71 1292 0.93 1198 0.81 881 0.74 917 0.54 2246 0.67 1100 
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Table 108 Table of SMLR wavelength selections for 8 best absorption feature transforms across attributes. The 
R2 and the wavelengths for the five first regressor term selections are listed for each transform and 
coloured according to major absorption features. A thicker black box marks the transforms selected for 
detailed comment on wavelengths selection and PLSR analysis. Wavelengths falling within major 
absorption features are shaded as: 408-518 = light green, 588-750 =green, 1116-1284 = blue, 1652-
1770 = purple, 2006-2196 = orange, 2222-2378 = yellow. 
Chlorophyll Water Digestibility Crude protein Lignin Cellulose 
refl-abs-
bna 
2028 41-2-abs-
bna-1d 
1230 41-2 588 71-2 2015 21-2 1655 11-2-abs-
bna 
2259 
 1687  1706 BNA 2032 BNA 669 BNA 2081  639 
 1653  2063 -D 2239 -D 2034 -D 1171 2 412 
 2193  494 
 2095  2354  2063  1683 
0.76 2158 0.95 1264 0.83 2158 0.78 2240 0.66 2298 0.72 2095 
31-2 2019 11-2 1214 41-2-dep-1d 440  2041 71-2-abs-
bna-1d 
2026 31-2-dep-1d 712 
BNA 629 BNA 1721  2248 BNA 694  1670  1686 
-D 2196  2121  1689  2296  2125  2249 
 
2181 
 1119  2288  2340  1210  2092 
0.74 2106 0.95 1217 0.82 1176 0.77 2328 0.66 2354 0.72 2304 
11-2-abs-
bna 
2028 31-2-abs-
bna-1d 
1228 71-2 439 7-2-abs-bna 2041 41-2-abs-
bna-1d 
2188 refl-abs-bna 2117 
 2017  676 DEP 2248  694  2255  639 
 1687  2196 -D 2338  2340  2241  419 
 679  2058 
 2006  2296  439  2096 
0.74 1677 0.95 498 0.82 2234 0.76 2328 0.63 1747 0.72 2086 
7-2-abs-
bna 
2028 7-2-abs-bna 1214 31-2-abs-
bna-1d 
590 71-2-abs-
bna 
2040 refl-abs-
bna-1d 
2246 7-2-abs-
bna-1d 
590 
 2016  2112  497  694  1179  2061 
 1686  1723  2011  2328  2058  679 
 2193  2122  2247  2340  2313  712 
0.74 2318 0.94 1141 0.82 2094 0.76 2296 0.63 1150 0.71 2089 
41-2-abs-
bna 
2029 21-2 1233 refl-abs-bna 599 11-2-abs-
bna-1d 
588 11-2-abs-
bna-1d 
1655 21-2-abs-
bna 
2117 
 1693 BNA 595  2045  2334  1173  641 
 2195 -D 1215  2249  2193  2318  413 
 1676 
 2377  1694  2024  2061  2261 
0.74 1691 0.94 1129 0.82 2315 0.76 489 0.62 2158 0.68 2024 
7-2 718 11-2-abs-
bna-1d 
631 71-2-abs-bna 593 41-2-abs-
bna-1d 
588 7-2-abs-
bna-1d 
2245 11-2-dep-1d 712 
DEP 1769  1176  2045  2284  2059  1687 
-D 1692  2377  2249  2319  1173  2061 
 2194  1719  2331  1221  2252  679 
0.73 481 0.94 1655 0.81 2288 0.74 2020 0.60 2378 0.68 2173 
refl-dep-
1d 
471 refl-abs-bna 1213 71-2-abs-
bna-1d 
589 21-2-abs-
bna 
2042 refl-dep-1d 1766 71-2-abs-
bna 
635 
 1769  2112  1731  2340  408  2254 
 2178  1724  2286  693  432  1666 
 1703  2141  2247  2331  1657  2111 
0.73 2256 0.93 2122 0.81 2328 0.73 2268 0.59 2120 0.68 715 
21-2-abs-
bna 
2028 21-2-abs-
bna 
1214 21-2-dep-1d 445 11-2-abs-
bna 
2041 21-2 1656 41-2-abs-
bna-1d 
675 
 2016  1720  2284  2345 DEP 2062  2056 
 2189  1145  589  694 -D 1668  2128 
 1221  2046  2014  2273 
 2248  744 
0.73 1678 0.93 1744 0.81 1689 0.73 2175 0.59 438 0.68 1706 
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Table 109 Comparison of wavelength selections by SMLR for the eight best transforms for each transform type 
for full spectra and continuum removed absorption feature spectra across canopy attributes. The 
number picked for the full spectra transforms of the possible 40 is noted, for example, 23/40. 
Wavelengths falling within major absorption features are coloured as: 408-518 = light green, 588-750 
=green, 1116-1284 = blue, 1652-1770 = purple, 2006-2196 = orange, 2222-2378 = yellow. Red 
typeface marks wavelengths within 3 nm of a major absorption feature. 
chlorophyll mg/g water mass mg/g % crude protein % digestibility % lignin % cellulose 
Full 
spectra 
23/40 
Cont. 
removed 
abs-
feature 
Full 
spectra 
18/40 
Cont. 
removed 
abs-
feature 
Full 
spectra 
23/40 
Cont. 
removed 
abs-
feature 
Full 
spectra 
32/40 
Cont. 
removed 
abs-
feature 
Full 
spectra 
26/40 
Cont. 
removed 
abs-
feature 
Full 
spectra 
28/40 
Cont. 
removed 
abs-
feature 
512 471 464 494 453 489 443 439 482 408 482 412 
553 481 488 498 517 588 444 440 484 432 678 413 
553 629 621 595 554 588 448 445 543 438 709 419 
553 679 721 631 555 669 449 497 552 439 709 590 
553 718 721 676 556 693 449 588 673 1150 714 635 
553 1221 722 1119 613 694 449 589 1085 1171 1008 639 
554 1653 762 1129 626 694 449 589 1173 1173 1046 639 
556 1676 777 1141 669 694 526 590 1616 1173 1100 641 
557 1677 779 1145 670 694 677 593 1621 1179 1116 675 
618 1678 781 1176 671 1221 881 599 1621 1210 1121 679 
778 1686 800 1213 672 2015 1197 1176 1625 1655 1122 679 
1033 1687 866 1214 673 2020 1222 1689 1654 1655 1173 712 
1263 1687 1000 1214 674 2024 1279 1689 1655 1656 1237 712 
1292 1691 1010 1214 686 2034 1285 1694 1655 1657 1247 712 
1298 1692 1085 1215 724 2040 1571 1731 1657 1668 1256 715 
1433 1693 1086 1217 783 2041 1633 2006 1729 1670 1260 744 
1433 1703 1094 1228 886 2041 1660 2011 1733 1747 1501 1666 
1469 1769 1097 1230 917 2041 1677 2014 1741 1766 1502 1683 
1625 1769 1198 1233 1077 2042 1683 2032 1746 2026 1599 1686 
1692 2016 1251 1264 1194 2175 1966 2045 1786 2058 1600 1687 
1693 2016 1299 1655 1265 2193 2179 2045 1991 2059 1621 1706 
1693 2017 1613 1706 1266 2240 2215 2094 2059 2061 1621 2024 
1693 2019 1615 1719 1275 2268 2217 2095 2062 2062 1621 2056 
1693 2028 1628 1720 1485 2273 2223 2158 2091 2063 1629 2061 
1693 2028 1665 1721 1486 2284 2228 2234 2091 2081 1651 2061 
1726 2028 1738 1723 1489 2296 2233 2239 2091 2120 1652 2086 
1764 2028 1983 1724 1489 2296 2233 2247 2091 2125 1686 2089 
1769 2029 1992 1744 1621 2296 2234 2247 2201 2158 1687 2092 
1769 2106 1998 2046 1626 2319 2247 2248 2201 2188 1690 2095 
1769 2158 1998 2058 1630 2328 2251 2248 2202 2241 1704 2096 
2005 2178 2032 2063 1678 2328 2256 2249 2245 2245 1731 2111 
2149 2181 2033 2112 1680 2328 2258 2249 2245 2246 1738 2117 
2160 2189 2034 2112 2033 2331 2258 2284 2246 2248 2050 2117 
2190 2193 2039 2121 2057 2334 2261 2286 2246 2252 2062 2128 
2190 2193 2252 2122 2189 2340 2264 2288 2247 2255 2090 2173 
2195 2194 2256 2122 2192 2340 2284 2288 2247 2298 2091 2249 
2195 2195 2365 2141 2239 2340 2293 2315 2298 2313 2121 2254 
2195 2196 2365 2196 2280 2340 2296 2328 2304 2318 2169 2259 
2237 2256 2412 2377 2381 2345 2296 2331 2380 2354 2249 2261 
2373 2318 2433 2377 2406 2354 2298 2338 2380 2378 2272 2304 
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Table 110 lists for each attribute the percentage values corresponding to the number of 
wavelengths selected within each major absorption feature. The percentage values are 
expressed as proportions of total wavelengths including those falling outside the six major 
absorption features. 
Table 110 Comparison of the proportional distribution of the wavelengths selected outside and across the six 
major absorption features for full spectra transforms. Major absorption feature are coloured as: 408-
518 = light green, 588-750 =green, 1116-1284 = blue, 1652-1770 = purple, 2006-2196 = orange, 2222-
2378 = yellow.  
% 
chlorophyll 
mg/g water mg/g 
%crude 
protein 
% 
digestibility %lignin %cellulose 
wl's outside 42.5 55 42.5 20 35 30 
408-518 nm 2.5 5 2.5 17.5 5 2.5 
588-750 nm 2.5 10 25 2.5 2.5 10 
1116-1284 nm 2.5 5 10 7.5 2.5 20 
1652-1770 nm 27.5 5 5 7.5 20 17.5 
2006-2196 nm 17.5 10 10 2.5 15 15 
2222-2378 nm 5 10 5 42.5 20 5 
 
In Table 111 the absorption features with most selected wavelengths are marked with bold 
type face. Percentage values for full spectra transforms correspond to the number of 
wavelengths selected within an absorption feature divided by the total number selected within 
all absorption features. Separate values are provided for full spectra and abs-feature spectra. 
 
Table 111 Comparison of the proportional distribution of wavelengths selected across the six major absorption 
features for the full spectra and abs-feature spectra transform types. Major absorption feature are 
coloured as: 408-518 = light green, 588-750 =green, 1116-1284 = blue, 1652-1770 = purple, 2006-
2196 = orange, 2222-2378 = yellow. 
 chlorophyll 
mg/g 
water  
mg/g 
%  
crude 
protein 
%  
digestibility 
%  
lignin 
%  
cellulose 
Absorption 
feature 
(nm) 
full 
 
abs full abs full abs full abs full abs full abs 
408-518 4% 5% 11.5% 5% 4% 3% 22% 10% 7% 10% 4% 8% 
588-750 4% 8% 23.5% 8% 43% 20% 3% 15% 4% 0% 14% 33% 
1116-1284 4% 3% 11.5% 38% 17.5% 3% 9% 3% 4% 15% 29% 0% 
1652-1770 48% 33% 11.5% 20% 9% 0% 12% 10% 31% 20% 25% 13% 
2006-2196 31% 48% 23.5% 25% 17.5% 28% 3% 23% 23% 28% 21% 35% 
2222-2378 9% 5% 23.5% 5% 9% 48% 53% 40% 31% 28% 7% 13% 
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10 SMLR R2 for sample subsets and each attribute 
The coefficient of determination, R2, from SMLR using five regressor terms are summarised 
in Table 112. Results are reported for each of the attributes and subsets. across the six trans 
and reflectance (only for reference). The results for the data subset with the highest R2 is 
highlighted with bold type face for each transform. In addition the highest overall results for 
each attribute are shaded grey. The number of scores for each subsets with the highest R2 for 
each transform and attribute is summarised below the results (reflectance results in italics are 
not included in the summary). These R2 results are graphically summarised in bar plots in 
Figure 144. 
Table 112 Summary of R2 from SMLR across sample subsets for each attribute and the six unsmoothed 
transforms and reflectance. The results for the highest scoring subset is marked with bold type face for 
each transform and the highest overall results for each attribute are shaded grey. 
chlorophyll  ASD-all (n=87) ASD-2000 (n=42) ASD-2002 (n=45) ASD-no weeds (n=69) 
(mg/g) R2 adj. R2 R2 adj. R2 R2 adj. R2 R2 adj. R2 
R-D 0.75 0.73 0.85 0.83 0.87 0.86 0.72 0.70 
LOG1R-D 0.77 0.75 0.89 0.88 0.89 0.88 0.78 0.76 
CR-D 0.72 0.71 0.89 0.87 0.87 0.85 0.81 0.80 
DEP-D 0.73 0.71 0.89 0.88 0.88 0.87 0.75 0.73 
BNA 0.76 0.75 0.91 0.89 0.86 0.84 0.79 0.77 
BNA-D 0.65 0.63 0.87 0.85 0.88 0.87 0.70 0.68 
R 0.60 0.57 0.77 0.74 0.77 0.74 0.65 0.62 
water  ASD-all (n=58) ASD-2000 (n=13) ASD-2002 (n=45) ASD-no weeds (n=48) 
(mg/g) R2 adj. R2 R2 adj. R2 R2 adj. R2 R2 adj. R2 
R-D 0.96 0.96 1.00 1.00 0.98 0.98 0.96 0.96 
LOG1R-D 0.91 0.90 1.00 1.00 0.97 0.96 0.92 0.92 
CR-D 0.93 0.93 1.00 1.00 0.97 0.97 0.94 0.94 
DEP-D 0.92 0.91 1.00 1.00 0.89 0.88 0.94 0.93 
BNA 0.93 0.93 1.00 1.00 0.95 0.94 0.95 0.95 
BNA-D 0.93 0.92 1.00 1.00 0.94 0.93 0.95 0.94 
R 0.94 0.94 0.87 0.78 0.94 0.94 0.95 0.95 
crude protein ASD-all (n=75) ASD-2000 (n=42) ASD-2002 (n=45) ASD-no weeds (n=64) 
(% of DM) R2 adj. R2 R2 adj. R2 R2 adj. R2 R2 adj. R2 
R-D 0.76 0.74 0.83 0.79 0.90 0.88 0.75 0.73 
LOG1R-D 0.71 0.69 0.83 0.79 0.89 0.88 0.77 0.75 
CR-D 0.63 0.60 0.85 0.82 0.87 0.85 0.61 0.57 
DEP-D 0.63 0.61 0.77 0.72 0.89 0.88 0.74 0.72 
BNA 0.77 0.75 0.89 0.87 0.91 0.89 0.81 0.80 
BNA-D 0.71 0.69 0.91 0.89 0.91 0.90 0.80 0.78 
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R 0.68 0.65 0.73 0.68 0.71 0.67 0.73 0.70 
digestibility ASD-all (n=75) ASD-2000 (n=30) ASD-2002 (n=45) ASD-no weeds (n=64) 
(% of DM) R2 adj. R2 R2 adj. R2 R2 adj. R2 R2 adj. R2 
R-D 0.79 0.77 0.82 0.78 0.93 0.92 0.84 0.82 
LOG1R-D 0.87 0.86 0.91 0.90 0.92 0.91 0.88 0.87 
CR-D 0.81 0.79 0.82 0.79 0.92 0.91 0.82 0.80 
DEP-D 0.80 0.78 0.87 0.85 0.90 0.89 0.83 0.82 
BNA 0.82 0.80 0.91 0.89 0.91 0.90 0.86 0.85 
BNA-D 0.81 0.79 0.86 0.83 0.92 0.91 0.84 0.82 
R 0.68 0.66 0.70 0.64 0.88 0.87 0.76 0.74 
lignin ASD-all (n=82) ASD-2000 (n=37) ASD-2002 (n=45) ASD-no weeds (n=66) 
(% of DM) R2 adj. R2 R2 adj. R2 R2 adj. R2 R2 adj. R2 
R-D 0.50 0.46 0.75 0.71 0.76 0.73 0.51 0.47 
LOG1R-D 0.54 0.51 0.74 0.69 0.69 0.66 0.44 0.39 
CR-D 0.58 0.56 0.74 0.69 0.67 0.62 0.41 0.36 
DEP-D 0.59 0.57 0.73 0.69 0.69 0.65 0.45 0.40 
BNA 0.47 0.43 0.70 0.65 0.76 0.73 0.59 0.56 
BNA-D 0.63 0.61 0.86 0.84 0.85 0.83 0.66 0.63 
R 0.30 0.25 n/a n/a n/a n/a 0.43 0.38 
cellulose ASD-all (n=82) ASD-2000 (n=37) ASD-2002 (n=45) ASD-no weeds (n=66) 
(% of DM) R2 adj. R2 R2 adj. R2 R2 adj. R2 R2 adj. R2 
R-D 0.70 0.68 0.74 0.70 0.92 0.92 0.73 0.70 
LOG1R-D 0.68 0.66 0.85 0.83 0.93 0.92 0.73 0.71 
CR-D 0.68 0.66 0.72 0.68 0.90 0.89 0.70 0.67 
DEP-D 0.67 0.65 0.70 0.66 0.86 0.84 0.69 0.66 
BNA 0.72 0.70 0.82 0.79 0.85 0.84 0.73 0.71 
BNA-D 0.62 0.60 0.74 0.70 0.87 0.85 0.68 0.66 
R 0.52 0.48 0.64 0.58 0.85 0.83 0.61 0.58 
Number of 
highest R2 for 
each subset 
 0/30  13/36  23/36  0/30 
Percentage  0%  36%  64%  0% 
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a) chlorophyll mg/g 
 
b) water mg/g 
 
c) %crude protein 
 
d) %digestibility 
 
e) %lignin 
 
f) %cellulose 
 
Figure 144 Comparison of SMLR R2 (5 regressor terms) between the four subsets. a) chlorophyll mg/g b) water 
mg/g c) %crude protein d) %digestibility e) %lignin f) %cellulose 
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11 ASD subset selected wavelengths 
Table 113 Wavelengths selected by SMLR for the seven transforms (n=35) for each subset across pasture quality 
attribute. Also includes “all spectra” for. In the leftmost column for each attribute spectral regions are 
identified that correspond to wavelengths (bold type face) selected for at least three of the four subsets. 
Wavelengths falling within major absorption features are shaded as: 408-518 = light green, 588-750 
=green, 1116-1284 = blue, 1652-1770 = purple, 2006-2196 = orange, 2222-2378 = yellow.  
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Table 114 Table of proportions of wavelengths selected within each major absorption feature and outside for 
each subset and attribute. 
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12 Water content subsets, SMLR and PLSR results 
The following four tables (Table 115 to Table 118) provide the basic results from SMLR and 
PLSR using all available samples and four quantised water content levels for crude protein, 
digestibility, lignin and cellulose. 
Table 115 SMLR results (3 regressor terms for BNA), for quantised water levels for four attributes. 
 
Table 116 SMLR results (3 regressor terms for R-D), for quantised water levels for four attributes. 
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Table 117 PLSR results for (BNA), for quantised water levels for four attributes. 
 
 
Table 118 PLSR results for (R-D), for quantised water levels for four attributes. 
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13 Table of SMLR R2 for base line and actual attribute data 
Table 119 SMLR base line minimum, maximum, mean R2 values derived from 50 randomly scrambled attribute 
data sets versus 71-BNA compared to actual R2. The maximum R2 for the scrambled and the R2 for the 
first step of actual data are highlighted with bold. 
 number of 
regressor 
terms 
scrambled 
mean R2 
scrambled 
min R2 
scrambled 
max R2 
actual R2 
chlorophyll mg/g 1 0.10 0.04 0.24 0.37 
 5 0.31 0.21 0.44 0.66 
 10 0.47 0.36 0.59 0.77 
water mg/g 1 0.13 0.07 0.18 0.75 
 5 0.42 0.32 0.56 0.91 
 10 0.63 0.53 0.74 0.96 
%crude protein 1 0.11 0.07 0.28 0.52 
 5 0.34 0.23 0.46 0.76 
 10 0.53 0.40 0.62 0.85 
% digestibility 1 0.09 0.06 0.15 0.63 
 5 0.32 0.23 0.42 0.81 
 10 0.50 0.42 0.58 0.89 
%lignin 1 0.12 0.04 0.29 0.30 
 5 0.36 0.21 0.51 0.55 
 10 0.53 0.34 0.69 0.70 
% cellulose 1 0.09 0.08 0.10 0.38 
 5 0.35 0.24 0.41 0.68 
 10 0.52 0.38 0.61 0.79 
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APPENDIX J  
RESAMPLING OF ASD TO HYMAP AND HYPERION BANDPASSES 
1 Bandpass function plots 
 
 
Figure 145 Hyperion band pass functions (176 bands). 
 
Figure 146 Hyperion band pass functions in spectral region subset showing the Gaussian form. 
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Figure 147 HyMap band pass functions (126 bands). 
 
 
Figure 148 HyMap bandpass functions, spectral region subset showing triangular form. 
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APPENDIX K  
PLSR METHOD DESCRIPTION AND RESULT TABLES 
1 PLSR method description details 
For evaluation of accuracy and precision of the PLS regression models and interpretation of 
sample and variable effects, a range of statistics and graphical outputs is provided from PLSR. 
This varies with software but from Unscrambler the main ones are detailed below.  
Main output statistics from PLSR are: 
• latent variables/PLS factors/principal components (PCs) 
including recommended optimal number derived from Marten’s significance 
testing; 
• PLS model calibration and prediction equations and statistics: 
-standard error of calibration (SEC) and standard error of crossvalidation 
(SECV), standard error of prediction or performance or standard deviation 
of the predicted residuals (SEP) 
-root mean square error (RMSE) for each PC as calibration (RMSEC) or 
from cross validation (RMSECV) or from prediction testing (RMSEP) 
providing measures of prediction error for comparison between models. 
-correlation coefficient R for the relationship between actual and predicted 
values 
-bias, the difference between RMSEP and SEP; 
• residual and explained X- and Y-variance for each PC and respective 
calibration and prediction equations; 
• factor loadings for each wavelength for each factor for X and Y; 
• regression coefficients for the PLS model equation based on the factor 
loadings; and 
• outlier identification, samples or variables that have high influence on the 
equations developed. 
 
The PLS equation: 
The main output from PLSR is a mathematical equation modeling the relationship between an 
independent variable y and a spectral matrix X takes the form: 
( ) ( ) ( ) ( )111 ×Ν×ΚΚ×Ν×Ν +Χ= fby  
Equation 9 
where N is the number of observations/samples, K is the number of predictor variables 
(spectral bands), b is a vector of PLS regression coefficients and f is a vector of model 
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residuals (modified from (Geladi 1988; Huang, J-F & Apan 2006). This model equation can 
then be used to predict the y-variable from other data such as spectral data. 
Model validation 
Two main validation methods are in use and are usually available with statistical software 
providing PLSR to create prediction models: 
• prediction testing (also called Test set validation); and 
• cross validation. 
Prediction testing (traditional) 
Calibration equations can be developed on one set of data (the training data) and the 
evaluation of the calibration equation is done on a separate set (the test data). The predicted y-
values from the test set using the calibration equation is then compared to the measured y-
values and a prediction equation and the root mean square error of prediction (RMSEP) etc 
are calculated. 
The root means square error (RMSE) for the calibration (RMSEC) and/or prediction equation 
(RMSEP) is often used for comparison between models. RMSEP is a measure of the accuracy 
of a prediction, i.e. the difference between the predicted/estimated y-value and the measured 
y-value. It describes the prediction uncertainty or how well a prediction formula works and is 
calculated as in Equation 10. 
( )∑
=
−=
pN
i
pii NyyRMSEP
1
2 /ˆ  
Equation 10 
Cross validation 
An alternative is to use a procedure to “simulate” prediction testing using the calibration data 
themselves. The calibration data are divided into different number of segments. PLS is run on 
all but one segment and the regression equation tested on this, then the next segment is 
excluded and the process repeated for each segment. The resultant calibration equation is 
based on the average of all runs as is the prediction equation.  
Cross validation is often performed by removing only one sample from the data the same 
number of times as there are samples. This is called full cross validation or ‘Leave-one-out’ 
cross validation.  
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N–1 remaining samples are used to estimate the coefficients for the equation and predict the 
excluded sample. The cross validation procedure is repeated for each segment or sample and 
the squared prediction errors are summed. It produces an estimate of the average of the 
prediction error of the calibration equations (Martens & Martens 2001). The square root of the 
average sum of squares of the differences between the measured and predicted variables is the 
RMSECV and is calculated as in Equation 11. 
( )∑
=
−=
pN
i
piiCV NyyRMSECV
1
2
,
/ˆ  
Equation 11 
The result from cross validation is somewhat different to the errors obtained from prediction 
testing in that for the former both randomness in regression coefficients and the population of 
future samples is taken into account. Hence the difference between RMSEP and RMSECV 
lies in the way the test set has been selected and therefore have a slightly different 
interpretation. The result of traditional prediction testing will vary depending on which 
samples are in the calibration set and which ones are in the validation set but if repeated 
enough times will follow a normal distribution) and the full cross validation procedure has the 
advantage of being possible to repeat perfectly (Schut 2006). Full cross validation was used in 
this research. 
The RMSECV in this research is reported as RMSEP unless explicitly stated otherwise 
because it is the way the Unscrambler reports it and separates it from RMSEC (calibration 
RMSE) in plots etc. also when it is based on cross validation. 
Principal components, explained and residual variance 
In PLSR the data is decomposed into a number of predetermined principal components (PCs) 
also called latent vectors or variables or simply factors, and these should not be more than the 
number of samples used (Martens & Martens 2001). 
The relationship between the principal components and error can be illustrated by a curve 
showing the prediction error versus number of principal components as in Figure 149. The 
prediction error curve consists of the curves of the estimation error and the model error. With 
increasing number of components the modelling error goes down while the estimation error 
goes up. A large number of components produce an overfitted solution and the opposite using 
very few factors causes underfitting (Naes et al. 2002). 
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Figure 149 PLSR prediction error (solid line). It is a function of the estimation error (dashed line) and the model 
error (dotted line). (From Naes et al. (2002, p. 35)) The arrow represents the ‘local minimum’ 
prediction error. 
As more PCs are used for the model the percentage variance explained by the model goes up 
until a maximum number of factors explain 100% of the variance. As the percentage variance 
explained by the model goes up the RMSE usually goes down, as more PCs are included in 
the prediction equations to a minimum level to then increase as overfitting occurs. The 
number of PCs at the minimum level therefore corresponds to the optimum number of PCs to 
be included in the equation from a statistical point of view. 
The explained and residual variances are described as: 
“Total residual variance is computed as the sum of squares of the 
residuals for all the variables, divided by the number of degrees of 
freedom. The total explained variance is then computed as 100*(initial 
variance– residual variance) / (initial variance).”(CAMO Inc. 2004) 
Usually the percentage variance explained by a model is separated for X and Y. Research 
literature reporting the result from PLSR usually only provide percentage variance explained 
for Y since this is the variable sought to predict. 
Comparing Figure 149 (theoretical ideal) with the example plot from Unscrambler PLS 
regression of ASD reflectance versus %cellulose in Figure 150 it becomes obvious why a 
number of 6 principal components in the latter are considered the optimum for this model. 
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Figure 150 Plot showing the change in RMSE from PLSR cross-validation of reflectance versus %cellulose for 
the 15 extracted principal components. 
The purpose of cross validation is to determine the optimal number of PCs to use and to 
estimate the predictive ability of the resultant model. The recommended number of PCs is 
often provided by the statistical software. In the Unscrambler this is calculated as the number 
of PCs that produce a minimum value of the root mean square error of prediction (RMSEP). 
Sometimes if the spectral data is very noisy or is not sensitive to the attribute of comparison 
no PC recommendation can be the results. 
Relationship RMSEP, SEP and bias 
Another term sometimes provided as part of PLSR statistics is the SEP. It is a measure of the 
precision of the prediction of several samples (CAMO Inc. 2004), i.e. the difference between 
repeated measurements. It is defined as the standard deviation of the predicted residuals and is 
expressed as in Equation 12. 
( )∑
=
−−−=
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Equation 12 
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The bias represents a systematic error component and is the average of the residuals and an 
expression for the relationship between RMSEP and SEP, which simply is: 
222 BIASSEPRMSEP +≈  
Equation 14 
It is therefore recommended to report the bias together with the SEP because a high bias 
(which is sometimes the case when only a few samples are used) can mean that the SEP is 
much smaller than the RMSEP and could if reported on its own give an over-optimistic 
impression of the predictive ability of a model (Naes et al. 2002). 
Scores for latent variables 
As the PLS model is built as a series of PCs, the samples and the variables can be projected 
onto these and the projection along each model PC are called scores for the samples and 
loadings for the variables. 
The regression relationship along a particular PC in the model between the projection of the 
samples in the x-space (t-scores) and the projection of the samples in y-space (u-scores) can 
be visualised by plotting the t-scores versus the u-scores. These plots are useful examining the 
shape of the x–y relationship and for detecting outliers. 
These scores are computed for each component. An example is provided in Figure 151. 
 
 
Figure 151 Plot of U and T scores for the first principal component from PLS regression with ASD reflectance 
versus %cellulose. 
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PLSR assumes that the relationship between the X- and Y- variables is essentially linear. Plots 
of the scores for the different components can be used to assess this relationship and if 
showing very specific non-linear patterns this can possibly be corrected for by applying for 
example log transforms and scatter corrections, splitting the data into subsets, removing 
wavelengths or perform locally weighted regressions (Naes et al. 2002); see section 7.2. 
The Unscrambler PLS regression between predicted versus measured Y is performed using the 
Least Squares method to fit the elements to the regression line y = ax +b, where a is the slope 
and b is the intercept. The correlation coefficient R gives the measure of correlation between 
the two.  
Also provided is RMSEP and SEP (standard error of predicted residuals or standard error of 
prediction) as well as the bias, which is the average value of the difference between predicted 
and measured values. An example of a scatter plot including the statistics calculated is shown 
in Figure 152. A plot like this can also be used to identify regions with different levels of 
prediction accuracy.  
 
Figure 152 Scatter plot and regression statistics from PLSR full cross-validation for reflectance spectra versus 
%cellulose. (6 PC model)  
Loadings and loading weights 
In PLSR loadings (or factor loadings) are calculated for the Y-variable(s) and loadings and 
loading weights are calculated for the X-variables. The former defines the impact each factor 
has on each X or Y-variable and the latter the impact each X-variable has on each factor 
(Martens & Martens 2001). They describe the relationship between the X-variables and the Y-
variable as the model approximates it. 
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The loading weights can be displayed to produce a picture of the distribution of important 
variables across the wavelength spectrum of x-variables (Figure 153). Bands with large 
loadings in early components are the wavelengths/bands whose values vary most and these 
are responsible for the greatest differences between the samples (CAMO Inc. 2004). As a high 
factor loading means a high contribution of the x-variable to the equation it may thus describe 
spectral variation relevant to y-variable containing the attribute concentrations (Ollinger et al. 
2002). 
 
Figure 153 Plot of X-loading weights across the spectrum from PLS regression of reflectance and %cellulose. 
The six first components, (PC1 = blue, PC2 = red, PC3 = green, PC4=light blue, PC5 = maroon, PC6= 
light grey).  
It can bee seen that the X-loading weight values vary across the different spectral regions for 
the different factors. The regression coefficients summarise the relationship between the X-
variables and the Y-variable and can be computed for any number of factors. The regression 
coefficients (see Figure 154) in a model for reflectance and cellulose are based on the X-
loading weights for the six PCs. 
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Figure 154 Plot of regression coefficients from PLSR regression of reflectance and %cellulose. (6 PC model) 
X Loading weights and significant variables 
The model regression coefficients are derived from the loading weights for each PC. Plots of 
X loading weights for the best transforms for each attribute were scrutinised to assess and 
potentially identify physical relationship to major absorbing chemical constituents. The 
regression coefficients are also displayed for comparison. The size of the regression 
coefficients cannot be used to compare between attributes as they are dependent on the y-
variable units. Significant variables as determined by the Jacknifing procedure in 
Unscrambler were highlighted. 
Significance or uncertainty testing 
PLSR has been criticised by the statistical community, which has been reluctant to adopt it, 
for the lack of established statistical theory for significance testing of the model parameters 
(Davies 2001). To address this problem a test called “Uncertainty testing”, or Marten’s 
Uncertainty test, related to “jack knifing” has, together with a method for selecting the 
variables to be retained in a model, recently been developed and incorporated in the most 
recent version of Unscrambler®. The test provides a method for reducing the number of 
variables with little influence in the model. Fewer variables should provide more robust 
models that are more easily transferred across different spectrometers (Davies 2001). 
Uncertainty testing is described in the following way: 
  420 
It is a technique for estimating variability of estimated parameter 
values, which can be used for many different types of models. In this 
context, the principle of jack-knifing is used for estimating the 
standard errors of the regression coefficient estimates in the PLS 
model. Such estimates of precision for PLS regression coefficients are 
very difficult to compute analytically, but the empirical technique of 
jack-knifing makes this possible in an easy way. The regression 
coefficients themselves can then be divided by their estimated 
standard errors to give t-test (or equivalently F-test values) to be used 
for testing of the significance of the variables used in the model. … 
The jack-knife is a very versatile technique, based on a similar 
principle to cross-validation. (Naes et al. 2002) 
Only cross validation gives possibility to do significance testing of the X-variables. It is based 
on the jack-knifing principle (CAMO Inc. 2004). It assesses the stability of regression results 
and allows for estimation of model stability, identification of perturbing samples or variables, 
and selection of significant x-variables. 
Limits are provided for each x-variable and are given as +/- twice the estimated standard 
deviation for the coefficients. The X-variables deemed important are not the same as the 
regression coefficients with the largest positive or negative values (Figure 155). The values of 
the raw regression coefficients cannot be used to determine important X-variables because the 
sizes of these coefficients depend on the range of variation (and indirectly, on the original 
units) of the X-variables (CAMO Inc. 2004). 
 
Figure 155 Regression coefficients for 6 factor model resulting from reflectance and %cellulose. 
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Significant variables are the ones with uncertainty limits that do not cross the “0” axis 
(CAMO Inc. 2004), such as highlighted in black in Figure 156. 
 
Figure 156 Regression coefficients with uncertainty limits from PLS regression of reflectance versus %cellulose. 
Based on a 6 PC model showing significant variables in black (from jackknife testing). Significant 
variables are the ones marked in black where the uncertainty limit bar does not cross zero. 
Outliers 
The Unscrambler software identifies samples that in some way are different to the other 
samples as outliers. The identification is based on the leverage a sample has on the calibration 
equation and by assessment of residuals. A sample can be an outlier in x or in y or in both. If 
it is an outlier in both dimensions it usually has a stronger effect or leverage on the calibration 
equation (Naes et al. 2002). 
The outlier samples can be investigated and decisions made in regards to whether they should 
be included in the sample set or not. Sometimes a spectral reading or the biochemical analysis 
result is truly wrong, other times a sample might be quite different to the others but still a 
valid representative of the range for which the analysis was targeted. The former should be 
removed from the analysis whether the latter should be retained. Of course it is not 
necessarily as simple and clear-cut as this, but the x- and y-residuals and leverage values can 
be of help to decide what to do about samples that stand out from the rest. Even a few outliers, 
who if removed, may improve the equation fit could have an important message: that the 
equation only works for samples of a particular type. 
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APPENDIX L  
PLSR STATISTICS FROM ANALYSIS OF IN SITU ASD SPECTRA 
1 PLSR results for the four field spectra transforms for each 
attribute from SMLR analysis 
In Table 120, Appendix K, the results from PLSR analysis of the four field spectra transforms 
identified as best performing using SMLR and reflectance with each of the six pasture quality 
attributes are summarised. The number of components varied between transforms but are the 
software suggested optimal number and the number of X-variables are different between the 
two main groups full spectrum (n=1721), and absorption feature type (n=898) and is slightly 
smaller for the broad filter (71 nm) transform versions for the former (n=1682). The RMSEP 
and correlation coefficient R are the results for the prediction equation based on full cross 
validation. The CV is the ratio of the interquantile range (80, 20) and RMSEP. The results for 
reflectance are included to provide comparison with spectra without any mathematical pre-
treatment applied. Adjusted R2 is included to facilitate comparison with SMLR results. The 
results are discussed in section 6.3.2.  
Table 120 Summary of PLSR results using cross validation with the four best transforms from SMLR and 
reflectance. Best scoring transform based on RMSEP, R, percent explained calibration variance 
(%expl. cal. var.) and CV is marked with bold type face. CV=IQ range (20,80)/RMSEP. Adjusted R2 is 
included to facilitate comparison with other results. a) chlolorphyll mg/g b) water mg/g c) %crude 
protein d) %digestibility e) %lignin f) %cellulose 
a) chlorophyll mg/g 
chlorophyll 
mg/g (n=87) 
Interquantile (IQ) range (80,20); 
1.06–0.18=0.89 
transform No of X 
variables 
RMSEP R R2 
adj. 
%expl. 
cal. var. 
No of 
PCs 
CV* 
LOG1R-D 1721 0.45 0.41 0.16 28.73 1 1.97 
 Significant (4) 0.48 0.23 0.04 10.54 1 1.84 
CR-D 1721 0.48 0.31 0.09 40.77 1 1.85 
 
Significant 
(308) 0.35 0.72 0.50 60.12 3 2.53 
31-BNA-D 898 0.44 0.47 0.20 39.45 2 2.03 
 Significant (8) 0.45 0.44 0.17 58.38 2 1.97 
7-DEP-D 898 0.41 0.56 0.31 48.21 1 2.16 
 
Significant 
(420) 0.34 0.72 0.51 58.76 2 2.61 
Reflectance 1721 0.36 0.69 0.44 63.97 6 2.44 
 Significant (33) 0.39 0.63 0.35 57.47 6 2.28 
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b) water mg/g 
water mg/g (n=58) Interquantile (IQ) range (80,20); 
786.51–504.35=282.17 
transform No of X 
variables 
RMSEP R R2 
adj. 
% expl. 
cal. var. 
No. of 
PCs 
CV* 
R-D 1721 79.73 0.89 0.78 94.62 3 3.54 
 
Significant 
(535) 61.46 0.94 0.88 91.95 2 4.59 
31-CR-D 1721 82.29 0.88 0.79 84.50 2 3.43 
 
Significant 
(786) 78.89 0.72 0.79 84.41 2 3.58 
11-BNA 898 111.79 0.77 0.58 77.57 2 2.52 
 
Significant 
(217) 77.33 0.90 0.78 97.69 13 3.65 
21-BNA-D 898 126.72 0.72 0.49 84.46 4 2.23 
 Significant (72) 82.28 0.88 0.75 85.01 8 3.43 
Reflectance 1721 67.04 0.92 0.84 87.84 2 4.21 
 
Significant 
(1691) 67.04 0.92 0.84 87.84 2 4.21 
 
c) %crude protein 
%crude 
protein 
(of DM) (n=75) 
Interquantile (IQ) range (80,20); 
14.07–7.51=6.57 
transform No of X variables RMSEP R R2 
adj. 
% expl. 
cal. var. 
No. of 
PCs 
CV* 
71-LOG1R-D 1682 2.97 0.79 0.59 86.23 8 2.21 
 Significant (177) 2.52 0.84 0.69 75.31 3 2.61 
71-1R-D 1682 3.30 0.71 0.49 88.16 3 1.99 
 Significant (510) 3.05 0.76 0.57 63.43 2 2.15 
71-BNA-D 898 4.04 0.52 0.25 49.30 2 1.63 
 Significant (282) 3.26 0.72 0.50 65.03 4 2.01 
BNA 898 3.69 0.61 0.36 43.51 1 1.78 
 Significant (572) 3.68 0.62 0.38 43.39 1 1.79 
Reflectance 1721 3.10 0.76 0.53 81.27 9 2.12 
 Significant (318) 2.77 0.81 0.63 75.73 7 2.37 
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d) %digestibility 
% 
digestibility 
(of DM)  (n=82) 
Interquantile (IQ) range (80,20); 
70.15–52.13=18.02 
transform No of X 
variables 
RMSEP R R2 
adj. 
% expl. 
cal. var. 
No. of 
PCs 
CV* 
LOG1R-D 1721 5.99 0.76 0.57 70.32 2 3.01 
 
Significant 
(1199) 5.35 0.81 0.65 67.82 3 3.30 
71-CR-D 1682 5.32 0.82 0.66 78.75 3 3.39 
 
Significant 
(116) 4.61 0.87 0.74 81.76 5 3.91 
41-BNA-D 898 5.97 0.76 0.57 61.58 1 3.02 
 
Significant 
(549) 5.92 0.77 0.58 61.56 2 3.04 
71-DEP-D 898 6.00 0.76 0.57 65.60 1 3.00 
 
Significant 
(629) 5.21 0.83 0.67 75.16 2 3.46 
Reflectance 1721 5.84 0.78 0.58 70.65 5 3.08 
 
Significant 
(478) 5.61 0.80 0.61 67.74 6 3.21 
 
e) %lignin 
%lignin  
(of DM) (n=82) 
Interquantile (IQ) range (80,20); 
7.35–3.83=3.52 
transform No of X 
variables 
RMSEP R R2 
adj. 
% expl. 
cal. var. 
CV* No. of PCs 
21-LOG1R-D 1721 N/A N/A N/A N/A N/A 0 
 Significant N/A N/A N/A N/A N/A N/A 
1R-D 1721 N/A N/A N/A N/A N/A 0 
 Significan N/A N/A N/A N/A N/A N/A 
21-BNA-D 898 N/A N/A N/A N/A N/A 0 
 Significant N/A N/A N/A N/A N/A N/A 
21-DEP-D 898 N/A N/A N/A N/A N/A 0 
 Significant N/A N/A N/A N/A N/A N/A 
Reflectance 1721 3.99 0.15 0.01 7.16 0.88 1 
 
Significant 
(742) 3.96 0.17 0.02 6.67 0.89 1 
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f) %cellulose 
%cellulose 
(of DM) (n=82) 
Interquantile (IQ) range (80,20); 
30.28–22.0=8.27 
transform No of X 
variables 
RMSEP R R2 
adj. 
% expl. 
cal. var. 
No. of 
PCs 
CV* 
7-R-D 1721 4.50 0.51 0.25 31.28 1 1.84 
  
Significant var 
(997) 4.17 0.63 0.36 78.61 5 1.98 
21-LOG1R-D 1721 4.62 0.47 0.21 28.48 1 1.79 
  
Significant 
var (1182) 3.98 0.67 0.40 82.60 7 2.08 
31-DEP-D 898 4.28 0.65 0.31 94.29 13 1.93 
  
Significant var 
(88) 4.02 0.65 0.40 61.66 3 2.06 
BNA 898 4.56 0.49 0.23 30.37 1 1.81 
 
Significant var 
(418) 4.38 0.55 0.29 45.06 2 1.89 
Reflectance 1721 4.30 0.60 0.31 58.87 6 1.92 
 
Significant var 
(62) 4.29 0.58 0.30 43.93 5 1.93 
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2 PLSR statistics for ASD spectra across subsets and attributes 
Table 121 Summary PLSR statistics for all samples and the three subsets for chlorophyll, water and crude protein. The best scoring model for each subset and transform is 
highlighted in grey. The best scoring model for each subset and attribute is highlighted in bold type face and the best scoring model for each attribute is highlighted 
in dark grey. Included for comparison in italics is the highest scoring transform of the four identified from SMLR. The acronyms for the statistics are explained 
below the table. 
 
n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
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Table 122 Summary PLSR statistics for All samples and the three major subsets for digestibility, lignin and cellulose. The best scoring models for each subset is highlighted 
in bold type face. The highest scoring transform and subset for each attribute is in addition highlighted in dark grey. Included for comparison is the highest scoring 
transform of the four identified from SMLR, highlighted in light grey. The acronyms for the statistics are explained below the table. 
 
n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
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3 PLSR statistics for ASD spectra binned to HyMap and Hyperion band passes 
Table 123 PLSR results for chlorophyll and ASD spectra (white cells), ASD spectra resampled to HyMap (yellow cells) and Hyperion (blue cells) band passes divided on 
sample subsets. The best performing models for each subset and transform are shown in bold type face and the overall best performing model for the attribute is 
highlighted with grey. The acronyms for the statistics are explained below the table. 
 
n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
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Table 124 PLSR results for water and ASD spectra (white cells), ASD spectra resampled to HyMap (yellow cells) and Hyperion (blue cells band passes divided on sample 
subsets. The best performing models for each subset and transform are shown in bold type face and the overall best performing model for the attribute is highlighted 
with grey. The acronyms for the statistics are explained below the table. 
 n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
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Table 125 PLSR results for crude protein and ASD spectra (white cells), ASD spectra resampled to HyMap (yellow cells) and Hyperion (blue cells band passes divided on 
sample subsets. The best performing models for each subset and transform are shown in bold type face and the overall best performing model for the attribute is 
highlighted with grey. The acronyms for the statistics are explained below the table. 
 n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
  431 
Table 126 PLSR results for digestibility and ASD spectra (white cells), ASD spectra resampled to HyMap (yellow cells) and Hyperion (blue cells band passes divided on 
sample subsets. The best performing models for each subset and transform are shown in bold type face and the overall best performing model for the attribute is 
highlighted with grey. The acronyms for the statistics are explained below the table. 
 n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
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Table 127 PLSR results for lignin and ASD spectra (white cells), ASD spectra resampled to HyMap (yellow cells) and Hyperion (blue cells band passes divided on sample 
subsets. The best performing models for each subset and transform are shown in bold type face and the overall best performing model for the attribute is highlighted 
with grey. The acronyms for the statistics are explained below the table. 
 
 n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
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Table 128 PLSR results for cellulose and ASD spectra (white cells), ASD spectra resampled to HyMap (yellow cells) and Hyperion (blue cells band passes divided on sample 
subsets. The best performing models for each subset and transform are shown in bold type face and the overall best performing model for the attribute is highlighted 
with grey. The acronyms for the statistics are explained below the table. 
 
n=number of samples, RMSEP=root mean square error of prediction (from full cross validation), R=correlation coefficient, adj. R2=adjusted R2, %cal var=% calibration 
variance explained, IQ range-interquantile range (20,80), CV=IQ range/RMSEP, factors=optimum number of PLS components 
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APPENDIX M  
PLSR STATISTICS FOR HYMAP AND HYPERION IMAGE SPECTRA 
1 PLSR results for HyMap image spectra  
Table 129 PLSR results for all HyMap image spectra and pasture attribute assays sorted in descending order on 
IQR CV (IQ Range/RMSEP) for comparison of effect of post atmospheric treatments. NONE (white) 
= no treatment, MNF (green) = MFN treatment only, MNF-EFF (blue) = MNF and EFFORT with 
ASD boost spectra, HYCORR-EFF (yellow) = HYCORR EFFORT only. 10 highest CV values are 
highlighted with a black box. a) crude protein, b) digestibility, c) lignin, d) cellulose 
              a) crude protein  
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          b) digestibility 
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          c) lignin 
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              d) cellulose 
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Table 130 PLSR results for December 2000 HyMap image spectra and pasture attribute assays sorted in 
descending order on IQR CV (IQ Range/RMSEP) for comparison of effect of post atmospheric 
treatments. NONE (white) = no treatment, MNF (green) = MFN treatment only, MNF-EFF (blue) = 
MNF and EFFORT (ASD boost spectra), HYCORR-EFF (yellow) = HYCORR EFFORT only. 10 
highest CV values are highlighted with a black box. a) chlorophyll, b) water, c) crude protein, d) 
digestibility, e) lignin, f) cellulose 
             a)  chlorophyll 
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                  b) water 
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                  c) crude protein 
 
  441 
               d) digestibility 
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                 e) lignin 
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                  f) cellulose 
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2 PLSR results for January 2002 Hyperion image spectra 
Table 131 PLSR results for comparison of effects of post-atmospheric treatment and Hyperion image spectra. 
Results are sorted in descending order on IQR CV (IQ Range/RMSEP). The post atmospheric 
treatments are coloured: NONE (white) = No post atmospheric treatment, MNF (green) = MNF 
transform only and MNF-EFF (blue) = both MNF transform and EFFORT polishing. 10 highest CV 
values are highlighted with a black box. a) chlorophyll (mg/g), b) water mg/g, c) crude protein, d) 
digestibility, e) lignin, f) cellulose. 
a) chlorophyll 
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b) water 
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c) crude protein 
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d) digestibility 
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e) lignin 
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f) cellulose 
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APPENDIX N  
ELEMENTAL ABSORPTIONS AND CORRESPONDING CHEMICAL 
CONSTITUENTS 
1 Table of elemental absorptions 
Elemental absorption wavelengths and corresponding chemical constituents have been 
collated from (Asner 2004; Jago 1998; Mutanga 2004; Wessman 1990)  in Table 132. It also 
includes NIRS reference wavelengths for digestibility (Gordon et al. 1998; Murray 1989). 
Table 132 Elemental absorption wavelengths and corresponding chemical constituents. Collated from (Asner 
2004; Gordon et al. 1998; Jago 1998; Murray 1989; Mutanga 2004; Wessman 1990) dominant 
absorption is highlighted with bold type face.  
Wave-
length 
(nm) 
Chemical(s) Electron transition or bond vibration (or other 
association) 
Source 
430 chlorophyll a Electron transition (Asner 2004) 
460 chlorophyll b Electron transition (Asner 2004) 
640 chlorophyll b Electron transition (Asner 2004) 
660 chlorophyll a Electron transition (Asner 2004) 
724 chlorophyll Electron transition (Jago 1998) 
852 lignin C––H stretch (Jago 1998) 
910 protein C––H stretch, 3rd overtone (Asner 2004) 
930 oil C––H stretch, 3rd overtone (Asner 2004) 
970 water, starch O––H bend, 1st overtone (Asner 2004) 
978 cellulose O––H stretch, 1st overtone (Jago 1998) 
990 starch O––H stretch, 2nd overtone (Asner 2004) 
1020 protein N––H stretch, (Asner 2004) 
1030 nitrogen, protein N––H stretch (Jago 1998) 
1040 oil C––H stretch, C––H deformation (Asner 2004) 
1060 nitrogen, protein N––H stretch (Jago 1998) 
1120 lignin C––H stretch, 2nd overtone (Asner 2004) 
1143 lignin C––H stretch, aromatic, 2nd overtone (Wessman 1990) 
1174 lignin C––H stretch, 2nd overtone/ HC═CH (Jago 1998) 
1194 cellulose C––H stretch, 2nd overtone (Jago 1998) 
1200 water, cellulose, 
starch, lignin 
O––H bend, 1st overtone (Asner 2004) 
1203 oil, cellulose, wax, 
lignin 
- (Elvidge 1990) 
1206 lignin C––H stretch, 2nd overtone (Jago 1998) 
1216 cellulose C––H stretch, 2nd overtone (Jago 1998) 
1275 cellulose C––H stretch, 2nd overtone (Jago 1998) 
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Wave-
length 
(nm) 
Chemical(s) Electron transition or bond vibration (or other 
association) 
Source 
1368 cellulose 2x C––H stretch/2x C––H deformation (Jago 1998) 
1400 water O––H bend (Asner 2004) 
1420 lignin C––H stretch, C––H deformation, 
combination band 
(Asner 2004; Wessman 
1990) 
1426 nitrogen, protein N––H symmetrical stretch, 1st overtone (Jago 1998) 
1442 lignin O––H stretch, aliphatic, 1st overtone/2x C––
H stretch, combination band 
(Jago 1998; Wessman 
1990) 
1446 nitrogen, protein N––H stretch, 1st overtone (Jago 1998) 
1448 cellulose O––H stretch, 1st overtone (Jago 1998) 
1450 starch, sugar, lignin, 
water 
O––H stretch, 1st overtone, C––H stretch, C–
–H deformation, combination band 
(Asner 2004; Wessman 
1990) 
1456 nitrogen, protein N––H stretch, 1st overtone (Jago 1998) 
1462 nitrogen, protein N––H stretch, 1st overtone (Jago 1998) 
1490 cellulose, sugar O––H stretch, 1st overtone (Asner 2004) 
1510 protein, nitrogen N––H stretch, 1st overtone (Asner 2004) 
1530 starch O––H stretch, 1st overtone (Asner 2004) 
1536 cellulose O––H stretch, 1st overtone (Jago 1998) 
1540 starch, cellulose O––H stretch, 1st overtone (Asner 2004) 
1542 lignin C═O stretch, 3rd overtone.O––H stretch, 
aromatic , 1st overtone 
(Jago 1998) 
1578 cellulose O––H stretch, 1st overtone (Jago 1998) 
1580 starch, sugar O––H stretch, 1st overtone (Asner 2004) 
1640 nitrogen N––H absorption, 1st overtone, NH3+NH 
deformation, 3rd overtone 
(Huang, Z et al. 2004) 
citing Murray and 
Williams 1987 
1660 digestibility n/a (Murray 1989) 
1672 lignin C––H stretch, aromatic, 1st overtone (Jago 1998) 
1685 lignin C––H stretch, aromatic, 1st overtone (Wessman 1990) 
1690 lignin, starch, 
protein, nitrogen 
C––H stretch, 1st overtone (Asner 2004) 
1694 protein, nitrogen C––H stretch (Jago 1998) 
1696 lignin C––H stretch (Jago 1998) 
1706 cellulose C––H stretch, 1st overtone (Jago 1998) 
1724 lignin C––H stretch, aliphatic, 1st overtone (Jago 1998) 
1730 fat and oil  (Lewis et al. 2001) 
1730 protein C––H stretch (Mutanga 2004) 
1736 cellulose O––H stretch (Mutanga 2004) 
1754 lignin C––H stretch (Jago 1998) 
1772 cellulose C––H stretch, 1st overtone (Jago 1998) 
1780 cellulose, sugar 
starch 
C––H stretch, 1st overtone/O––H stretch/H–
–O––H deformation 
(Asner 2004) 
  452 
Wave-
length 
(nm) 
Chemical(s) Electron transition or bond vibration (or other 
association) 
Source 
1786 lignin C––H stretch, aliphatic, 1st overtone (Jago 1998) 
1818 cellulose O––H stretch,/2x C––O stretch, 2nd overtone (Jago 1998) 
1820 cellulose O––H stretch/C––O stretch, 2nd overtone (Asner 2004) 
1900 starch O––H stretch, C––O stretch (Asner 2004) 
1916 lignin O––H stretch,   
1924 water, protein, 
lignin, cellulose 
O––H stretch, O––H deformation (Mutanga 2004) 
1940 water, lignin, 
protein, nitrogen, 
starch, cellulose 
O––H stretch, O––H deformation (Asner 2004) 
1960 sugar, starch O––H stretch, O––H bend (Asner 2004) 
1974 nitrogen, protein N––H asymmetrical stretch (Jago 1998) 
1980 protein N––H asymmetry (Asner 2004) 
2000 starch O––H deformation, C––O deformation (Asner 2004) 
2048 lignin C═O stretch, 2nd overtone (Jago 1998) 
2054 nitrogen, protein N––H asymmetrical stretch (Jago 1998) 
2060 protein, nitrogen N═H bend, second overtone/ N═H bend/N–
–H stretch 
(Asner 2004) 
2068 hemicellulose  (Jago 1998) 
2080 sugar, starch O––H stretch/O––H deformation (Asner 2004) 
2084 cellulose O––H stretch/O––H deformation (Jago 1998) 
2090 hemicellulose  (Jago 1998) 
2100 starch, cellulose O═H bend/C––O stretch/C––O––C stretch, 
3rd overtone 
(Asner 2004) 
2104 cellulose 2x O––H deformation/2x C––H deformation (Jago 1998) 
2106 lignin 2x O––H deformation (Jago 1998) 
2130 protein N––H stretch (Asner 2004) 
2134 lignin O––H stretch/C––H stretch (Jago 1998) 
2150 lignin combination band (Wessman 1990) 
2168 nitrogen, protein 2x amide I and Amide III (Jago 1998) 
2180 protein, nitrogen N––H bend, 2nd overtone/C––H stretch/ 
C═O stretch/C––N stretch 
(Asner 2004) 
2214 lignin C––O stretch, 1st overtone (Jago 1998) 
2230 cellulose C═C stretch (Jago 1998) 
2240 protein C––H stretch (Asner 2004) 
2250 starch O––H stretch, O––H deformation (Asner 2004) 
2260–
2270 
digestibility n/a (Gordon et al. 1998) 
2262 lignin C––H stretch/C═C stretch (Jago 1998) 
2270 cellulose, sugar, 
starch 
C––H stretch/O––H stretch/CH2 bend/CH2 
stretch 
(Asner 2004; Jago 
1998) 
  453 
Wave-
length 
(nm) 
Chemical(s) Electron transition or bond vibration (or other 
association) 
Source 
2274 nitrogen, protein N––H stretch, N––H deformation (Jago 1998) 
2280 starch, cellulose C––H stretch/CH2 deformation (Asner 2004) 
2294 nitrogen, protein N––H stretch (Jago 1998) 
2300 protein, nitrogen 
lignin 
N––H stretch, C═O stretch, C––H bend, 2nd 
overtone 
(Asner 2004) 
(Jago 1998) 
2310 oil C––H bend, 2nd overtone (Asner 2004) 
2320 starch C––H stretch/CH2 deformation (Asner 2004) 
2332 lignin 
cellulose 
C––H stretch, aliphatic/C––H stretch, 
aromatic 
C––H stretch/C––C stretch 
(Jago 1998) 
2340 cellulose C––H stretch/O––H deformation/C––H 
deformation/O––H stretch 
(Asner 2004) 
2342 nitrogen, protein N––H bend, 2nd overtone (Jago 1998) 
2350 cellulose, 
nitrogen, protein 
CH2 bend, 2nd overtone,  
C––H deformation, 2nd overtone 
(Asner 2004) 
(Mutanga 2004) 
2446 cellulose C––H stretch/C––C stretch (Jago 1998) 
2462 nitrogen, protein 
lignin 
C––N––N Symmetrical stretch 
C––H stretch, aliphatic/C––H deformation, 
aromatic, combination band 
(Jago 1998; Wessman 
1990) 
2480 cellulose C––H stretch/C––C stretch (Jago 1998) 
 
 
 
 
